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ABSTRACT OF THE DISSERTATION 
 
 
 
Mobile Health Technology Use in Vulnerable Populations 
 
 
by 
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Doctor of Philosophy in Health Policy and Management 
University of California, Los Angeles, 2019 
Professor Jack Needleman, Chair 
 
 
 
Given the potential for mobile health technologies (mHealth) to reduce access barriers, 
there has been increased interest in understanding mHealth use among vulnerable populations.  
Vulnerable populations are at risk of lower mHealth use, and gaps in access to and use of 
mHealth between vulnerable and more affluent, more educated, and younger populations could 
exacerbate health disparities.  
Using a mixed methods approach, we analyzed survey and focus group data from a study 
sponsored by a foundation of a large health insurer on mHealth use in vulnerable populations.  A 
sample of low-income adults (n=345) was recruited by local social services organizations in 
Miami, FL, Louisville, KY, South Bronx, NY.  In the first study, we assessed sociodemographic 
correlates of mHealth use with multivariable logistic regression analyses.  In the second study, 
we estimated direct and indirect effects of sociodemographic characteristics on mHealth use with 
structural equation modeling and examined the role of digital health literacy in this relationship.  
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In the third study, we conducted a qualitative analysis of focus group interviews with older adults 
to contextualize mHealth acceptance and adoption.   
Factor analysis identified two composite outcome variables to represent mHealth use: 
those activities related to searching for information and those involving greater engagement with 
technology for health, such as downloading and using a health app.  
Lower age was associated with higher search-related mHealth use.  Education influenced 
search-related mHealth use indirectly through digital health literacy.  Age and education had 
indirect effects on engagement-related mHealth use through digital health literacy and search-
related mHealth use.  Qualitative findings revealed many older adults had minimal experience 
with mHealth and mHealth acceptance and adoption were influenced by perception of the 
usefulness of mHealth, the complexity of using mHealth, and facilitating conditions such as cost 
and technical assistance.   
These findings can inform interventions used to encourage greater mHealth use in 
vulnerable and older populations.  
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CHAPTER 1. INTRODUCTION 
 
BACKGROUND 
With the growing use of digital tools in everyday life, an increasing number of 
individuals are adopting mobile health technologies (mHealth) to manage their health and 
wellbeing.  The World Health Organization defines mHealth as “medical and public health 
practice supported by mobile devices, such as mobile phones, patient monitoring devices, 
personal digital assistants, and other wireless devices,”1  In an annual survey2 of consumer 
mHealth experience by Rock Health, a venture fund dedicated to digital health, more 
respondents reported using live video telemedicine (34%), mobile tracking (28%), and wearables 
(33%) in 2018.  In previous years, 22% of respondents reported using live video telemedicine in 
2016 and 7% in 2015; for mobile tracking, 22% in 2016 and 17% in 2015; and for wearables, 
24% in 2016 and 13% in 2015.  The number of individuals searching for health information 
online in 2018 was 80%, up from 72% in 2016 and 71%in 2015.   
One explanation for the increase in the number of individuals searching for health 
information online is the rapid adoption of the smartphone.  Pew Research Center reported 77% 
of Americans own a smartphone in 2017, up from 59% in 2014.3  About 20% of Americans, or 
one-in-five, are smartphone-only users, which means they do not have traditional broadband 
access at home and rely solely on smartphone to go online.   
 Although mHealth is generally consumer-facing, the federal government and large health 
systems have instituted changes that could spur greater adoption of mHealth. Through the 
Meaningful Use program and other federal initiatives, providers received incentives to use 
electronic health records (EHR) to communicate with patients.4  Patients can also electronically 
view their health information, send secure emails to providers, and order/refill medication 
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through online patient portals. Insurers like Oscar and Anthem have offered activity trackers to 
beneficiaries free-of-charge, and large health systems like Cedars Sinai have started integrating 
data from members’ activity trackers into their EHR.5  
 Other sectors have been digitized to great success, so it is not surprising for developers to 
take lessons learned from other sectors and apply to health care.  Rock Health reported $8.1B of 
new funding awarded to mHealth businesses for about 368 deals in 2018 and $5.7B for 359 deals 
in 2017, compared to $4.5B for 334 deals in 2016 and $1.1B for 92 deals in 2011.6 There is also 
an increasing trend in average size of deals, from $10.5M in 2012 to $14.7M in 2015 and 
$21.9M in 2018.  Businesses providing consumer health information like 23andMe, which 
provides individuals with their genetic health risk, and ShareCare, which uses surveys to assess 
wellness and answers questions based on symptoms, were the most funded deals in 2017.6  
Clinical decision support and precision medicine businesses were the next most funded, followed 
by fitness and wellness businesses.   
 
Mobile technology and health 
Mobile health technologies (mHealth) have revolutionized the way individuals seek and 
receive health care, manage chronic conditions, and access medical records.7-13  Through 
different types of technologies and platforms, mHealth has enabled individuals to become more 
engaged in their health care experience.14  For example, telemedicine services provide 
instantaneous access to urgent care and mental health providers through the patient’s smartphone 
or tablet.15-18 Health care teams are able to remotely monitor patients’ blood pressure or weight 
by using Bluetooth-enabled devices .19,20  mHealth wearables with self-monitoring and tracking 
functions has dramatically increased the user’s ability to self-manage and monitor their health 
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and well-being.21-23 Furthermore, patient portals have features such as secure messaging, online 
prescription refill, and access to records.8 
Although there is mixed evidence regarding the effectiveness of mHealth in improving 
health outcomes,24-27 some early successes point to the potential for mHealth to address access to 
care and delivery of care issues,28 particularly in the areas of prevention,29 management of 
chronic conditions,30-32 and mental health.33  mHealth has also been credited with promoting 
adoption of healthy behaviors,34 including maintaining healthy diets and increasing physical 
activity,35,36 reducing risky sex behaviors,37 smoking cessation,38 and encouraging early 
screening for serious health issues.39,40  Telemedicine has alleviated some access to care issues 
for individuals living in rural areas or have mobility issues.41-43  mHealth solutions could help 
challenges associated with ED overuse by providing on-demand consultation or symptom 
triage.44  There is an increasing body of evidence suggesting the use of apps is effective in 
helping diabetes patients adhere to management therapy and improve glycemic control, both of 
which are key to delaying onset of diabetes complications and thereby enhancing the patient’s 
quality of life.45-48  
The term “democratization of health care” refers to the movement towards a knowledge- 
and data-driven health care system where individuals have access to a vast amount of 
information and resources on the Internet.  This has enabled individuals to take a more active 
role in maintaining and managing their health and health care.49  In addition, decision aids 
powered by artificial intelligence, mobile diagnostic tools, and on demand expert consultations 
provide individuals with tools and resources to help them make decisions related to their health 
and wellbeing.50-52  With the rapid adoption of mobile devices like smartphones and tablets,3,53 
mHealth has effectively transcended spatial and time barriers to connect users with information 
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when and where they need the support.  The potential of mHealth seems only limited by human 
imagination and infrastructure capabilities, but gaps in access and use could exacerbate existing 
health disparities in vulnerable populations.54-56  
 
Barriers to mHealth acceptance and adoption 
Digital divide 1.0 refers to the “divide” between those with and without access to 
computers and information online.57  Though some inequalities have persisted, 89% of 
Americans reported Internet use in 2018, compared to 52% in 2000, according to Pew Research 
Center.58   The same factsheet reported approximately 65% of American households have 
broadband access at home in 2018. While progress has been made to narrow the access gap, a 
new divide has emerged.  Digital divide 2.0 refers to differences in digital skills and Internet use, 
where a lack of digital literacy may exacerbate social inequality in an increasingly digitized 
society.59  In short, digital divide 1.0 is an equipment issue; digital divide 2.0 is a skills issue.   
Despite the rising rates of smartphone ownership, from 35% in 2001 to 77% in 2018, the 
expense of purchasing data service plans is still a barrier for low-income individuals.60,61  For 
smartphone owners who rely on only smartphone to get online, inability to afford a more 
generous data plan could mean not have any Internet access for an extended amount of time.  
Without reliable access to the Internet, low-income individuals are less likely to participate in 
mobile-based interventions or take advantage of mobile health applications that might otherwise 
require the exchange of data in real time, the ability to remotely sync to a server or cloud, or 
video-chat capabilities.  In addition to limited wireless access, other factors such as the lack of 
trust62 in the information found on the internet (e.g., fake news, scams, bogus claims) and low 
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digital literacy63 have been cited as additional barriers to low mHealth use in vulnerable 
populations.64 
 
Vulnerable Populations: Definition 
Vulnerable populations are at higher risk of poor health status, inadequate access to 
health care services, and lower life expectancy, morbidity, and mortality.65  The Center for 
Disease Control and Prevention (CDC) defines vulnerable populations as “individuals who have 
difficulty communicating, have difficulty accessing medical care, may need help maintaining 
independence, require constant supervision, or may need help accessing transportation.”66 Shi 
and Stevens characterized vulnerable populations as “those at greater risk for poor health status 
and health care access…racial and ethnic minorities, low SES populations, and those without 
adequate potential access to care.”65 The authors further posit that an individual’s “vulnerability” 
amplifies when their health care problems intersect with social factors such as low educational 
attainment, housing issues, or poverty.  In other words, vulnerable populations who are already 
experiencing challenges are at an even greater disadvantage if they also experience homelessness 
or unemployment. 
Given the disproportionately greater chronic disease burden within vulnerable 
populations, it is of grave concern that these barriers to mHealth use may further exacerbate 
health disparities for these individuals.55  While it is important to encourage innovation and 
advancement of digital health technologies, it is imperative that we do not allow the excitement 
of the newest gadget or app to overshadow the needs of vulnerable populations.   
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Technology Acceptance Models: Overview 
A variety of frameworks and models have introduced factors that can affect user 
acceptance of technology.  Theory of Reasoned Action (TRA), developed by Fishbein and Azjen 
in 1975, states that human behavior can be explained through attitudes, social norms, and 
intentions.67  TRA became the foundation of other models examining technology acceptance, 
including the Technology Acceptance Model (TAM).  Arguably one of the most popular and 
widely cited models used to examine technology acceptance, TAM highlights the impact of two 
central beliefs, perceived usefulness and perceived ease of use, on attitude of the user.68 
Although TAM is derived from TRA, TAM did not include the effect of social norms on 
technology acceptance.  Venkatesh and Davis extended TAM by adding domains to represent 
social influence processes (subjective norm, image, and voluntariness) and cognitive 
instrumental processes (result demonstrability, job relevance, output quality, and perceived 
usefulness), which were hypothesized to influence user acceptance.69  TAM2 was developed to 
improve the predictive power of perceived usefulness and perceived ease of use.   
Unified Theory of Acceptance and Use of Technology (UTAUT) was developed by 
Venkatesh and Morris to incorporate additional constructs to explain technology acceptance and 
use.  The authors integrated constructs from eight models (Technology Acceptance Model, 
Theory of Reasoned Action, combined TAM and TPB, Theory of Planned Behavior, Model of 
PC Utilization, Diffusion of Innovation, Motivational Model and Social Cognitive Theory) to 
explain “user intentions to use informational systems and subsequent use behavior,”70  UTAUT 
included four additional constructs (effort expectancy, performance expectancy, social influence 
and facilitating conditions), and each moderated by four variables (gender, experience, age and 
voluntariness of use).   
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TRA, TAM, and TAM2 are behavioral models based on the assumption that the user is a 
rational decision maker who evaluates his/her behavior beliefs (i.e.,, intention) while formulating 
his/her attitude toward the behavior.71  One criticism about using these models to examine 
technology use is that the models assume the user’s intention to use technology will result in 
actual use.  Research has shown this is not always true, as shown in older adult populations.72  
While UTAUT included constructs that may influence adoption, the one drawback of using 
UTAUT is the large sample size needed to accommodate the parameters estimated.  Since we are 
interested in both technology acceptance and adoption and have a small sample, we endeavored 
to find a more appropriate model to guide the analysis.   
 
Scope and Significance of Study 
Our study filled several gaps in the literature on mHealth use. First, prior literature 
primarily focused on population-based studies.73  These populations were more likely to be 
female, younger, more educated, have higher incomes and be more likely to participate in 
mHealth activities than lower income and more vulnerable populations.63,64  The findings of 
these earlier studies therefore might suggest that individuals in vulnerable populations—who are 
often economically disadvantaged, older, and less educated—are infrequent users or non-users 
and provide limited information on the use and challenges to use for vulnerable populations.  Our 
focus on vulnerable populations contributes an understudied perspective from communities who 
may be able to benefit most from using mHealth.  
Second, several studies identified non-modifiable demographic correlates of mHealth 
use.64,74,75  Our analysis included these variables but also examines digital health literacy as a 
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modifiable factor related to mHealth use, which contributes knowledge about a potential 
pathway for intervention.  
Third, limited qualitative research has examined mHealth use behavior in vulnerable 
populations.76  This present study utilized a mixed methods approach, which in addition to the 
quantitative representations of mHealth use, the analysis also incorporated user perspectives 
through analysis of qualitative data to provide context in which vulnerable populations have 
engaged in mHealth use. 
Thus, this mixed methods study presented a unique opportunity to examine mHealth use 
in a population that is traditionally underrepresented in survey research.77-80  While the evidence 
from studies using nationally representative samples is often interpreted to suggest that 
individuals in vulnerable populations are often interpreted to suggest that individuals in 
vulnerable populations are non or infrequent mHealth users.  However, vulnerable populations 
may not use mHealth in the same manner, and that there are additional factors aside from gender, 
age, education, and income that affect their mHealth use behavior.  If mHealth has the potential 
to improve health outcomes and ameliorate health disparities in vulnerable populations, 
understanding these drivers of mHealth use in vulnerable populations could inform interventions 
to more fully harness the benefits of mHealth.   
The US healthcare system has been shifting from a fee-for-service acute care model to a 
value-based population health model.  In a fee-for-service environment, providers are reimbursed 
based on the number of services provided or procedures ordered.  In a value-based model, 
providers are reimbursed for quality and efficiency of care provided, and are thus incentivized to 
move away from providing episodic care in favor of a coordinated model of care.  mHealth could 
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therefore play a prominent role in facilitating interactions between individuals, caregivers, 
providers, health systems, and payers in a value-based model.   
Armed with lessons learned from digitizing other sectors, funders and developers will 
continue to “disrupt” the health care industry with consumer-facing “solutions.”  While there are 
encouraging reports signaling beneficial results from mHealth use, the evidence seems to suggest 
that vulnerable populations are being left behind in terms of access to mHealth or ability to use 
mHealth tools.  The benefits of mHealth cannot be realized in vulnerable populations if we do 
not understand the challenges and barriers they face, which in turn may further exacerbate 
existing health disparities. Thus, a study focused on examining how and why individuals in 
vulnerable populations use or do not use mHealth will provide valuable insight to inform and 
guide the development of strategies aimed at encouraging mHealth use. 
 
OVERVIEW OF THE DATA, RESEARCH QUESTIONS, CONCEPTUAL 
FRAMEWORK, AND ANALYSES REPORTED 
Data 
Aetna Foundation contracted with Public Health Institute (PHI) in Oakland, CA to 
conduct a study as part of an initiative dedicated to “the advancement and practical application of 
appropriate and meaningful digital health solutions that address the public and population health 
needs of vulnerable populations,”81  As part of the study, researchers facilitated community 
engagement listening sessions aimed at developing core understanding of the actual and potential 
role for digital technology in reducing health disparities through targeted focus groups in select 
geographic communities.  The goals of the community listening sessions were: 1) To understand 
community access to, use of, and experiences with digital technology in everyday activities and 
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in accessing and utilizing health resources to manage their health and well-being; and 2) To 
identify specific examples of digital health solutions that participants use and that promote 
usability and effectiveness in managing and improving health and well- being. 
Building on their work, this mixed methods study aimed to further our understanding of 
how and why vulnerable populations use or not use mHealth.  Findings from this study will 
inform design of strategies to encourage greater engagement and use, through policies and 
interventions which may improve health outcomes and reduce health disparities in vulnerable 
populations. 
 
Research Questions 
We examined the association between sociodemographic characteristics and mHealth use in 
vulnerable populations with the following questions: 
1) What sociodemographic characteristics are associated with mHealth use in vulnerable 
populations?   
2) What is the role of self-efficacy in the relationship between sociodemographic 
characteristics and mHealth use? 
3) What are barriers to and drivers of mHealth use in older adults? 
 
Conceptual Framework 
The conceptual framework driving these research questions stems from Moore and 
Benbasat’s integrated model.82  The model captured concepts from Rogers’ Diffusion of 
Innovation model83 and Ajzen’s Theory of Planned Behavior,84 an extension of Fishbein and 
Ajzen’s Theory of Reasoned Action.85  Rogers’ Diffusion of Innovation explores an individual’s 
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reactions to innovations and the process in which innovations are adopted (or not).  Fishbein and 
Ajzen’s Theory of Reasoned Action is a social behavior theory that examines how an 
individual’s intention may or may not lead to a behavior, in this case, to use or not use 
technology.  By combining these two related bodies of research in their model, Moore and 
Benbasat proposed an integrated model to study the extent to which social norms, self-efficacy, 
and attitude towards technology affect an individual’s behavior (i.e.,, use of technology).   
 
Moore and Benbasat’s Integrated Model  
This study adapted Moore and Benbasat’s integrated model to examine what factors may 
be associated with mHealth use in vulnerable populations. We have adapted the model by adding 
sociodemographic characteristics as predictors and substituting voluntariness with self-efficacy. 
(Figure 1.1).  
Socio-demographic characteristics. Research suggests gender, age, education, and income are 
significant predictors of mHealth use.64  The present study examined the association between 
these factors and mHealth use, as well as between race/ethnicity, place of residence, relationship 
status, health status, health insurance type, and occupational status.  These measures can 
influence one’s propensity to seek medical care and therefore could also affect mHealth use.86,87  
Voluntariness. Voluntariness, or “the perception of what an individual thinks he/she is required 
or not required to perform,”82 was included in Moore and Benbasat’s model to capture the notion 
that there were both formal and informal pressure to use technology in a workplace with a 
hierarchical structure.  It is a variation of perceived behavioral control (PBC), which is “an 
individual’s perception of control over the behavior can influence the behavior directly.”82   In 
other words, if an individual perceives s/he has the ability to perform a task, it can influence 
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his/her actual behavior.  Badura would define this as “self-efficacy”, which Ajzen had also 
acknowledged PBC is rooted in Badura’s Theory of Self-Efficacy.88 We therefore 
operationalized voluntariness by constructing a measure to represent self-efficacy in the model.  
Further support for doing so is that self-efficacy and PBC are synonymous in Fishbein and 
Cappella’s integrative model of behavioral theory.89  Self-efficacy is the perception of one’s 
ability to be successful at a task or the extent to which an individual is able to self-motivate to 
perform a task.  This construct has been included in models examining health care use 
behavior.90-93 
Social Norms. Subjective norms, or social pressure or social norms, can be defined as 
“individuals’ insights about others’ perceptions and behaviors in their social environment, 
pressures they perceive to conform, and their decisions to act in certain ways are determined not 
only by factors impinging on them at the individual level but also by macrolevel phenomena,”94  
The two points to highlight is that this construct embodies the notion that an individual’s 
behavior is motivated by his/her perception of other people’s opinion at the individual level, and 
that there are macro-level factors contributing to the social pressure to behave a certain way.  In 
this model, sociodemographic characteristics would lead an individual to experience informal 
social pressure to use more or less technology for health-related purposes.  This study did not 
have survey items to construct a variable to represent social norms for the quantitative studies, 
but the construct is included in the qualitative study (Chapter 4). 
Attitudes. The dimensions within the attitudes domain were conceptualized based on the work of 
Rogers, Tomatzky, and Klein,95 and Igbaria.96  Moore and Benbasat had initially included eight 
attributes in the domain but dropped image, result demonstrability, trialability, visibility, and 
computer avoidance due to the problematic squared multiple correlations and factor loadings for 
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these indicators.  Moore and Benbasat’s final model included three attributes: 1) relative 
advantage, or “the degree to which using an innovation is seen as being superior to its 
predecessor”;  2) perceived ease of use, or “the degree to which a person believes that using a 
particular technology would be free of effort”; and 3) compatibility, or “the degree to which 
using a technology is seen to be compatible with existing values, beliefs, experiences and needs” 
of users.82  This study did not have survey items to construct a variable to represent attitudes for 
the quantitative studies, but the construct is included in the qualitative study (Chapter 4). 
mHealth Use. There are several dimensions of use worth considering as we seek to measure 
mHealth use.  Blank and Groselj proposed three dimensions: amount of use, variety of use, and 
type of use.97  Amount of use refers to frequency measured in time units, variety is measured by 
number of different activities, and type refers to discrete categories of activities measured by 
number of categories.  Take this scenario: An individual uses an activity tracker for the three 
hours to track the number of steps taken, spends 15 minutes daily logging meals into a fitness 
app, and spends 15 minutes on patient portal replying to a provider’s message and ordered 
medication refill.  Amount of use is 3 hours and 30 minutes, variety of use is four activities, type 
of use is three categories (two activities were completed in patient portal).  Other researchers 
have proposed additional ways to characterize use, including meaningful use,98 skill-based use,99 
and by device.100  
How use is ultimately operationalized depends on the data available.  We constructed the 
outcome differently for the two analyzes in Chapters 2 and 3.  In Chapter 2, we used multivariate 
logistic regression models to describe mHealth use, reflecting the variety of use dimensions.  In 
Chapter 3, we used factor analysis to construct two composite variables to represent two types of 
activities, reflecting the variety or use and type of use dimensions.  Our data did not allow for 
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representation of the amount of use dimension because the survey question only asked about the 
past 12 months, such that it was not possible to differentiate between someone who used an app 
daily and someone who used the app once in the last 12 months.  We acknowledge this is a 
limitation of the data, and future research should consider collecting data that would allow for a 
more nuanced view of use. This is, however, not an issue we can accommodate with the data 
available to us.  
 
Scope of the Analyses 
All three studies used data from an Aetna Foundation-funded study on mHealth use in 
vulnerable populations.  A convenience sample (n=345) was recruited by local governmental, 
community, and faith-based organizations in Miami, FL, Louisville, KY, and South Bronx, NY.   
Surveys and focus group interviews were conducted by researchers from PHI, and we obtained 
Institutional Review Board approval from UCLA for secondary analysis of these data.  
In Chapter 2, we characterized the sample of low-income individuals receiving services 
from non-governmental organizations in the three communities.  We examined the association 
between sociodemographic characteristics and use of ten mHealth activities. In Chapter 3, we 
examined the role of digital health literacy on the relationship between sociodemographic 
characteristics and mHealth use, using structural equation modeling to estimate direct and 
indirect effects. To contextualize findings from these quantitative analyses, we conducted a 
qualitative analysis of older adults’ acceptance and adoption of mHealth in Chapter 4.  Thirty-
five adults ages 55 and over participated in four focus groups in two geographically diverse 
locations.  Our analysis of interview transcripts was guided by the Senior Technology 
Acceptance and Adoption Model (STAM) and Theory of Domestication of Technology.72,101  
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We examined how and reasons for mHealth use, and attitudes and perceptions that may affect 
mHealth use behavior.  The last chapter synthesizes findings from the three analytic chapters and 
presents implications for research.  
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Tables and Figures 
Figure 1.1. Conceptual Model adapted from Moore and Benbasat’s Integrated Model 
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Chapter 2. Predictors of mHealth Use in Vulnerable Populations 
 
INTRODUCTION 
Given the potential for mHealth to reduce access barriers, there has been increased 
interest in understanding mHealth use among vulnerable populations. Prior research has shown 
greater use of mHealth among individuals who are female, younger, more educated, and have 
higher income.1-4.  Using data from Health Information National Trends Survey (HINTS), 
Kontos et al. reported being younger and more educated were positively associated with mHealth 
use.1  The same study reported being female was predictive of higher odds of mHealth use.  
Their study did not report differences in mHealth use by race/ethnicity, beyond that those of 
other race had higher odds of downloading health information to a mobile device and using the 
Internet to look for a health care provider.1 In other studies using HINTS, being younger and 
have more education were associated with higher likelihood of mHealth use.5,6  Volkman et al. 
reported age and education differences in use of the Internet for information.7  For health-related 
information, younger and more educated individuals use the Internet first, while older and less 
educated individuals turn to their health care provider first for information.  
It is clear that age, education, income, and gender are associated with mHealth use, but 
the literature primarily focuses on nationally representative samples, which often underrepresent 
vulnerable populations such as immigrants, older adults, and people with disabilities.8 Examining 
how and why vulnerable populations use and do not use mHealth and the sources of variation in 
mHealth use within this population, including factors that might be modifiable or offset through 
intervention or app design is essential to informing strategies and interventions designed to meet 
the needs of those interested in maintaining and improving health with technology.  It is 
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particularly important to understand mHealth use behavior for vulnerable populations because 
gaps in access to and use of mHealth between vulnerable and more affluent, younger, female, 
and more educated populations could exacerbate health disparities.  
The purpose of this study is to describe mHealth use patterns and identify differences in 
use among diverse vulnerable populations.  In an attempt to address the dearth of knowledge 
about mHealth use in vulnerable populations, the current study did not use a nationally 
representative sample but obtained data from an Aetna Foundation-funded study on mobile 
health technology use in vulnerable populations.  For mHealth to have the opportunity to lower 
cost of care, improve quality of care, and improve population health outcomes, individuals would 
not only need to have access to mHealth, but actually use mHealth.  It is less clear who are 
mHealth users and non-users; and for those who are mHealth users, how they use mHealth.  
Findings have implications for addressing access to and use of mHealth in underserved 
communities and ultimately improve health. 
 
METHODS 
Setting 
Surveys and focus group interviews were conducted between May and July 2016 in three 
communities across the United States (Louisville, KY, South Bronx, NY, and Miami, FL).  They 
were chosen in consultation with the Aetna Foundation.  While geographically distinct, these 
communities shared common experiences with health disparities (i.e., rates or levels of access to 
care, major chronic conditions, preventable hospitalizations).  In addition, the two key criteria 
used to select these communities were the proportion of the population living below the federal 
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poverty level, and the proportion of the population that had not attained a high school 
diploma.  All three communities had rates in excess of national averages for both criteria. 
 
Sample 
A convenience sample was recruited through outreach to local governmental, community, 
and faith-based organizations. These organizations provide social services to low-income 
individuals in their respective communities.  Each recruiting organization received $250 for their 
assistance with recruiting participants and providing meeting space for the data collection 
activity.  To be eligible to participate in the study, a participant had to be over 18 years of age 
and resided in one of three communities identified above.  Participants were invited word-of-
mouth, by flyers posted in the facility and by email if participants have elected to receive emails 
from the organization.   
Participants were asked to complete a self-administered survey during the focus group, 
which provided data used in this particular study.  A total of 345 individuals participated in data 
collection and completed a survey (Miami n=72, Louisville n=141, South Bronx n=132).  
Twenty-nine participants (8.4% of full sample) did not provide demographic information.  They 
were omitted from the quantitative analysis.  The final sample included 316 individuals. 
 
Survey Development 
Prior to the Aetna Foundation-funded study, PHI researchers conducted over 100 key 
informant interviews with representatives of organizations working directly with vulnerable 
populations in each of the three communities (i.e., Miami, FL; South Bronx; NY; Louisville, 
KY) to better inform the design of the study.  The survey was developed with significant input 
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from the stakeholders and survey items were included upon their recommendation.  The survey 
instruments were piloted with Bay Area populations prior to deployment in the field9.  
 
Description of Survey Instruments 
The final survey instrument was divided into two parts, the first part administered prior to 
a focus group conducted among participants (Part 1) and the second part during the focus group 
(Part 2).  Part 1 contained 26 items and assessed demographics, self-reported health, current 
technology use, and health behaviors (Appendix II).  The items measuring the concept of digital 
health literacy were drawn from the eHealth Literacy Scale (eHEALS), a validated instrument 
developed by Norman and Skinner (Appendix III). 
Part 2 of the survey contained eleven items on A) Current online activities for health, B) 
Current mHealth use, and C) Interest in future technology use for health (Appendix IV).  The 
majority of survey items were drawn from the pool PHI researchers newly created. In section A, 
respondents were asked about current online health-related activities.  Questions included the 
type of online health-related activities respondents had participated in, such as searching for 
information online or ordered medication online, and also what health topics have respondents 
looked up online for information (e.g., weight loss, depression, drug safety).  In section B, 
respondents were asked about the type of technologies they may be using for health management 
activities.  The list included health management activities, such as brain health, medication 
management, and sleep, and different types of technologies, such as wearables, apps, and social 
networks, are across the top.  Respondents were asked about future technology use for health in 
section C.   
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Data Collection 
Focus group and survey data were collected in 2016. A total of thirty-five group sessions 
were conducted in the three communities: 14 in South Bronx, 14 in Louisville, and 7 in Miami.  
They were convened for approximately 90 minutes, with between 10 to 12 participants per 
group.  Informed consent was obtained before the start of each focus group session.  All 
participants were provided with a $25 gift card upon completion of the focus group and survey. 
Data collection methods of the focus group will be detailed in Chapter 4. The present study 
focuses on the self-administered survey. 
All participants were asked to complete a self-administered survey in two parts, as 
described earlier.  Part 1 of the survey and eHEALS were collected before the start of the focus 
group (Appendix II and III).  Part 2 of the survey contained three sections (Sections A - C), 
which were collected concurrently with the focus group in phases (Appendix IV).  PHI 
researchers chose to collect survey data in waves throughout the focus group as one strategy to 
prompt responses during the discussion.  For example, after Part 1 of the survey was completed, 
the focus group began an approximately 15 minutes of discussion was facilitated.  Then, Part 2 
Section A of the survey was administered, followed by approximately 25 minutes of discussion 
focus group discussion related to attitudes and perceptions towards mobile technology use for 
health and non-health related activities.  Survey Part 2 Section B was administered next, which 
was correspondingly followed by additional discussion on digital technologies participants used 
to support their health management.  Towards the end of the session, Part 2 Section C of the 
survey was distributed to ask about participants’ intention to use technology for health-related 
purposes, followed by group discussion on the same topic. 
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Data Measures 
Our data measures and construction are described below.  A full measurement model of 
variables constructed for the analysis is detailed in Appendix I.   
Given limited information in literature, we included all sociodemographic variables that 
we hypothesized to be associated with mHealth use.  In addition to age, education, and gender, 
we also included race/ethnicity, place of residence, employment status, relationship status, health 
insurance type, and health status because these factors have been found to be associated with 
health-seeking behavior,10 which is proximally located to mHealth use.  Minority race/ethnicity 
is associated with worst health outcomes, higher avoidable hospitalizations, and lower rates of 
preventive care.11-15  In terms of place of residence, it is reasonable to believe that individuals 
living in different parts of the country would have different behaviors and attitudes about health 
and health care.16-18  For relationship status, being married is hypothesized to have a protective 
effect on health, which could affect one’s propensity to seek care.19  Being employed could mean 
more financial resources and stable health insurance coverage, which could affect an individual’s 
propensity to seek care, either for illness or wellness.20  Health insurance type could affect an 
individual’s health services seeking behavior, which could affect his/her propensity to use 
medical services.  All of the above can affect health status, which could affect utilization of 
health services.21,22  
 
Primary Outcome 
mHealth use. We measured ten primary outcomes focused on use of mHealth activities. Use of 
mHealth use was assessed through the question: “Which of the following online health-related 
activities have you done in the last 12 months?”  Respondents were asked to choose any activity 
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from a list of ten online health-related activities (Table 1.1).  An indicator variable was created 
for each activity to represent mHealth use, which resulted in a total of ten outcomes.  Any 
answer with a check next to it was coded “1.”  Since a “do not use” option was not available, we 
coded “0” when no boxes were checked.  We recognize that this could be a case of non-response, 
but we do not have additional information to extrapolate the respondent’s intent at this time. 
 
Mobile technology behaviors 
Digital health literacy. Norman and Skinner’s eHealth Literacy Scale (eHEALS) was used to 
measure digital health literacy, which is defined as “combined knowledge, comfort, and 
perceived skills at finding, evaluating, and applying electronic health information to health 
problems.”23  Eight questions were used to assess dimensions of digital health literacy, and 
response options were presented on a 5-point Likert scale, from (1) strongly disagree to (5) 
strongly agree.  Scores from individual items were summed to create one digital health literacy 
measure, with 8 being the lowest total score for answering all questions with “strongly disagree” 
and 40 being the highest possible score for answering all questions with “strongly agree” (see 
Appendix III).   
Current technology use. Current technology use was assessed with two items asking about 
devices respondents owned (e.g., smartphone, laptop, music player) and how they used their 
device(s) (e.g., text, go on the Internet, listen to music, online banking).   
Health behaviors. Health behaviors were assessed with five items.  Participants were presented 
five statements that were preceded by the question stem, “Tell us whether you agree with the 
following statements about your health behavior by circling the number that matches with the 
words below.”  The five statements were: I am responsible for my own health; I am actively 
taking care of my health; I am willing to pay for my health care expenses out-of-pocket; I should 
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be in control of who has access to my health data; and I would share my data so I can have better 
care from my doctor.  The five response options corresponded to a 5-point Likert scale: (1) 
strongly disagree, (2) disagree, (3) neither agree or disagree, (4) agree, (5) strongly agree.   
Current mHealth use.  Current mHealth use was assessed with three items.  Respondents were 
asked, “Please check the types of technologies you are using for health management activities 
listed below.”  The list of technologies included wearables (pedometer, cell phone); health 
devices (glucose monitor, at-home blood pressure monitoring); apps; social network; text 
message appointment reminders; video chat with providers (telehealth, video conferencing); 
health center website for personal health information.  The list of health management activities 
included: brain health, physical fitness/exercise; diet/food/nutrition; weight; vision; blood 
pressure; injury/fall prevention; chronic condition self-management; medication management; 
depression; stress; sleep; pain.  Respondents were also asked about their satisfaction with 
accuracy and trustworthiness of these technologies with questions, “In general, how satisfied are 
you with the accuracy of the information that you’ve found on these technologies?” and “In 
general, how satisfied are you with the trustworthiness of the information that you’ve found on 
these technologies?”   The five response options corresponded to a 5-point Likert scale: (1) very 
dissatisfied, (2) dissatisfied, (3) neither dissatisfied or satisfied, (4) satisfied, (5) very satisfied.   
Future technology use for health. Future technology use for health was assessed with six items.  
Respondents were asked, “How interested would you be in using these technology examples to 
help you meet your health needs? On a Scale 1-5 where 1 is ‘Not at all interested’ and 5 is 
‘Extremely interested’, please rate how interested you would be in using these technology 
solutions for you or your child’s health.”  The list of technologies included online access to 
personal health information (e.g., medical health record online access), provider communication 
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(e.g., text message medication reminders), self-management (e.g., healthcare apps that help to 
track or manage your health), education (e.g., online review of medical treatments), community 
resources (e.g., listings of relevant-to-you local activities, support groups and services), and 
social support (e.g., access to online patient groups). 
 
Sociodemographic characteristics and health status 
Gender. Respondents were asked to choose from one of two answers: male or female.  Based on 
the responses, gender was coded as a dichotomous variable, with 1 corresponding to female.   
Age. The survey assessed age in ten-year increments corresponding the following categories: 18-
24, 25-34, 35-44, 45-54, 55-64, 65-74, 75+ years.  For our analysis, we collapsed these options 
into three categories (18-34, 35-64, and 65+ years).  Since we hypothesized that younger 
individuals are more likely to use mHealth, we collapsed the groups to reflect groupings of older 
adults, middle-aged adults, and young adults.  The decision to assign ages 65 and older as the 
older adults group stemmed from using Medicare eligibility as one way to define “older.”  
Education. The categorical variable for education was constructed from one item.  Respondents 
were asked: “What is the highest degree or level of school you have completed?”  Response 
options included: some high school; high school graduated diploma or the equivalent (for 
example: GED); some college credit, no degree; trade/technical/vocational training; associate 
degree; bachelor’s degree or higher; other. We collapsed these groups into three categories: high 
school diploma or less, some college, college graduate or more.   
Race/Ethnicity.  We assessed race/ethnicity with a survey question: “Which category best 
describes your race/ethnicity?”  The response options included Black/African American, 
White/Caucasian, Hispanic, Asian, Alaskan Native, Other.  In our study, we constructed a 
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categorical variable by retaining the first three categories and combining the last three into a 
larger “other” category because each of these categories had 10 or fewer individuals.   
Location of residence. We used the location of survey administration as a proxy for location of 
residence. The facilitator made a note of every respondent’s place of residence when the survey 
was collected.  We created a categorical variable to represent place of residence (1=Bronx, 
2=Louisville, 3=Miami).   
Relationship status. Relationship status construct was measured with one item.  Respondents 
were asked: “What is your current relationship status?”  Response options include married, living 
with a partner, widowed, divorced, separated, single.  We constructed a dichotomized variable 
for the relationship status construct indicating whether the respondent was married. 
Health status.  Health status construct was measured with one item.  Respondents were asked: 
“In general, would you say your health is…?”  Response options included excellent, very good, 
good, fair, poor.  We retained all information collected from the survey and created a categorical 
variable to represent self-reported health status. 
Employment status.  Employment status construct was measured with one item.  Respondents 
were asked: “What is your current employment status?”  Response options included employed 
for wages; self-employed; out of work and looking for work; out of work and not currently 
looking for work; a homemaker; student; military; retired; unable to work; none of the above.  A 
dichotomous variable for the employment status construct was constructed to indicate whether a 
respondent was employed.   
Health insurance. Health insurance construct was measured with one item.  Respondents were 
asked: “What kind(s) of health insurance do you have?”  Response options included private 
health insurance through an employer; private insurance that you buy on your own; Medicaid; 
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Medicare; Do not have health insurance; other (please specify).  A categorical variable was 
constructed to represent the health insurance type construct, with the first two response options 
combined into one category “private”, while Medicaid, Medicare, and responses of “VA” or 
“Dual” in “Other (please specify)” were combined into one category “public.”  
 
Data Analysis 
Descriptive statistics were performed for all measures.  The proportion of the sample who 
used each mHealth activity was calculated. Bivariate relationships between measures were 
assessed with chi-square tests of proportion and univariate regressions.  Multiple imputation by 
chained equations (MICE) was used to address missing data.24  This specification was necessary 
since our outcomes are binary.  Age, gender, health status, and health insurance type each had 
one observation missing.  Race/ethnicity had 8.9% missing, which is within the acceptable 
threshold for multiple imputation.  
Multivariable logistic regression was used to model the relationship between 
sociodemographic characteristics and of use of each mHealth activity (yes/no). Covariates in the 
final model included: age (18-34, 35-64, vs. 65+), race/ethnicity (White, Hispanic, Other vs. 
Black), education (college degree or more, some college vs. high school diploma or less), 
location (Louisville, Miami vs. South Bronx), employment status (employed vs. unemployed), 
relationship status (married vs. not married), health status (poor, fair, good, very good vs. 
excellent), and health insurance type (public, private, other vs. no insurance). Given limited 
information in literature, we included all sociodemographic variables that we hypothesized to be 
associated with mHealth use.  We presented percentages, adjusted odds ratios (OR), and 95% 
confidence intervals (CI). An odds ratio of 1 indicates greater likelihood of participating in the 
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mHealth activity compared with the reference group. Statistical significance was assessed at the 
0.05 level, and all analyses were conducted with STATA 13.1.25 
 
RESULTS 
Table 2.2 presents participant characteristics.  Forty percent of the sample resided in 
South Bronx (n=124), followed by 44% from Louisville (n=139) and 17% from Miami (n=53). 
A majority of the participants were female (66.1%, n=209), between the ages of 45 and 64 
(38.2%, n=121), black (56%, n=177), with at least high school diploma or GED (77.5%, n=245), 
and were either unemployed or not working (57%, n=183). Participants were also predominantly 
publicly insured (64.2%, n=203), and nearly two-thirds of the sample reported their health was at 
least “good” (712%, n=225). Mean score for the 263 respondents who returned the digital health 
literacy assessment was 28.28 (SD=7.08).   
Among those who accessed the Internet (81%, n=255), the most common device used 
was a cell phone (58%, n=183), followed by desktop (11.4%, n=36) and laptop (10.1%, n=32).  
Use of non-health technology was high, ranging from 61% for video chat (n=140) to 92% for 
text messages (n=262).   
 
 
Attitudes about mHealth use 
 Health attitudes, health behaviors, and attitudes about mHealth use are reported in Table 
2.3.  Most respondents agreed or strongly agreed that they were active in taking care of their own 
health (85.6%, 255/298) and felt responsible for their own health (87.1%, 264/303).  In terms of 
health data, respondents felt they should be in control of who has access to their health data 
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(85.5%, 253/296) and three-quarters of respondents felt sharing their data would mean better 
care from their doctor (74.7%, 219/293).   
Two-thirds of the sample agreed that the Internet was useful in helping them make 
decisions about their health (66.4%, 172/259).  Almost three-quarters of the sample agreed it was 
important to be able to access to health resources on the Internet (72.6%, 188/259).  A majority 
of respondents were satisfied or very satisfied with the accuracy of the information from searches 
(70%, 149/208) and trustworthiness of the information (67.0%,138/206).   
 
Type(s) of technologies used for health management activities 
Table 2.4 presents the type(s) of technologies used for health management activities and 
the purpose for using these technologies.  Patient portal (25.6%) and apps (24.7%) were the two 
most popular types of technology used for health management activities.  The three most popular 
uses were for pain (35.1%), fitness (19.3%), and diet (14.9%).   
 
Participation in mHealth activities 
The rate of participation in mHealth activities varied by type of mHealth activity (Table 
2.5).  Approximately 74.4% of respondents reported having searched online for information on a 
health-related concern, and 69% reported having downloaded or used a health-related app.  
Almost half of the respondents reported having viewed someone’s story on health or medical 
issues (46.8%). Approximately 40% of respondents reported having researched doctors or health 
facilities online, or having asked a health-related question or shared a personal health-related 
experience online (38%).  Approximately one-third of respondents reported having signed up to 
receive email updates or alerts about health or medical issues (32.6%), or having gone online to 
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find others who might have health concerns similar to mine (31.3%), or having scheduled 
appointments with doctors (32.3%).  Twenty-two percent of respondents reported having 
downloaded forms online or applied for health insurance online (22.2%).  The mHealth activity 
least reported by respondents was having ordered medications online (13.3%).  
 
Online health-related information searches by topics 
Respondents searched online for a variety of health-related information (Figure 2.1).  The 
top three topics were a specific disease or medical problem (54.4%), a certain medical treatment 
or procedure (41.5%), and how to lose weight or how to control your weight (36.4%, n=115).   
 
Participation in mHealth activity by sociodemographic characteristics  
We employed multivariable logistic regression to examine associations between ten 
mHealth activities and sociodemographic characteristics (Table 2.6).   
Lower age was associated with higher mHealth use.  Younger age groups were more 
likely to engage in mHealth activities compared with the oldest age group (ages 65 and over). 
For example, compared to the oldest group (65 years old or older), 18-34-year-old was 5.27 
times as likely to search online for health information. The next youngest group, ages 35-64, was 
2.34 times as likely. Additionally, age was associated with the greatest number of mHealth 
activities, compared with other demographic and health factors examined.  
We observed participants under vs. over ages 65 were more likely to engage in search-
related activities such as searching online for health information and signing up to receive email 
updates. For more complex mHealth activities, we observed the highest magnitude of association 
among participants ages 18-34 years. For example, those ages 18-34 years had 14 times higher 
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odds of downloading or using a health-related app compared with those ages 65 and over (OR 
14.01, 95% CI 4.37-44.97). Individuals ages 35-64 vs. 65 and over were more likely to download 
a health-related app, but the magnitude of association was to a lesser degree (OR 3.18, 95% CI 
1.32-7.68).  
More education was also associated with higher mHealth use. Compared to those having 
high school diploma or less, having a bachelor’s degree or more was associated with greater odds 
of 1) asking a health-related question (OR: 3.39 [1.49-7.76]) and 2) viewed someone’s story on 
health (OR: 2.37 [1.07-5.24]). However, compared to individuals with high school diploma or 
less, the group with some college education was more frequently associated with greater odds of 
participating in mHealth activities, such as: 1) searched online for information (OR: 2.08 [1.09-
3.97]); 2) asked a health-related question (OR: 2.69 [1.52-4.75]); 3) go online to find others (OR: 
1.94 [1.09-3.46]); 4) downloaded forms online (OR: 1.91 [1.01-3.60]); and 5) downloaded health 
apps (OR: 2.13 [1.10-4.11]).  
Gender was not associated with participating in any of the mHealth activities (OR range: 
0.67 – 1.67). Similarly, race/ethnicity was not associated with participating in any of the mHealth 
activities (OR range: 0.32 – 1.71).  
Other covariates were found to be associated with mHealth use. Place of residence was 
associated with participating in mHealth activities: 1) ask a health-related question (OR: 0.41 
[0.18-0.92]) and 2) downloaded a health-related app (OR: 0.17 [0.07-0.38] for Louisville, 0.27 
[0.10-0.68] for Miami, with South Bronx as the reference group). In models where employment 
status was significant, being employed was associated with greater odds of: 1) downloaded a 
health-related app (OR: 2.78 [1.17-6.58]); 2) scheduled appointments with doctors (OR: 2.21 
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[1.17-4.18]); and 3) researched doctors online (OR: 1.91 [1.02-3.56]), compared to the 
unemployed.  
Similarly, in models where relationship status was significant, being married was 
associated with lower odds of: 1) searched online (OR: 0.37 [0.17-0.79]); 2) asked a health-
related question (OR: 0.32 [0.15-0.70]); and 3) viewed someone’s story on health issues (OR: 
0.46 [0.23-0.91]), compared to unmarried individuals.  Health status was associated with 
participating in two mHealth activities: 1) asked a health-related question (OR: 0.28 [0.11 – 
0.73] for those with very good health), and 2) went online to find others with similar concerns 
(OR: 2.78 [1.12-6.89] for those with good health) (Reference group = excellent health). Health 
insurance type was associated with searching online, such that individuals with private insurance 
were 0.86 times as likely to search online, compared to those without insurance.  
 
DISCUSSION 
The principal finding is that age and education are associated with mHealth use.  We 
examined associations between mHealth use and sociodemographic characteristics in a sample of 
low-income adults. Specifically, being younger was positively associated with mHealth use, and 
having more education was also positively associated with mHealth use.  Our results augment 
prior work by focusing on vulnerable populations to provide additional insight related to use of 
mHealth that may not emerge in studies using nationally representative samples. 
Some findings from this study are consistent with results from previous studies.  Using 
data from Health Information National Trends Survey (HINTS), Kontos et al. reported being 
younger was positively associated with mHealth use and having more education was positively 
associated with mHealth use.1 The same study reported being female was predictive of higher 
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odds of mHealth use, which was not observed in this study.  Kontos et al. also reported an effect 
between age groups for use of social networking site to read or share medical topics by age.  Our 
study had similar findings, and we also found higher odds of participation for ages 18-34 group 
compared to ages 35-64 group for having downloaded or used a health-related app.  A study by 
Volkman et al. reported age and education differences in use of the Internet for information.7  To 
obtain health-related information, older and less educated individuals turn to their health care 
provider first, while younger and more educated individuals searched online first.  Using the 
2015 HINTS, Carroll et al. reported younger age, have some college, and being female were 
associated with having increased likelihood of having adopted health apps.5  Krebs et al. 
conducted a cross-sectional survey of mobile phone owners and found younger age, having 
higher income, and having at least high school diploma to be associated with having downloaded 
a health app.26  Using the 2013, 2014, and 2017 HINTS, Huo et al. reported younger age as a 
consistent predictor of blogging and use of social networking sites, and online support group 
participation was predicted by age and education.6 
Kontos et al. did not report differences in mHealth use by race/ethnicity.1  We also did 
not detect a statistically significant association for race/ethnicity and mHealth use likely due to a 
lack of variance in the study sample and small sample size.  The lack of variance is not only the 
result of a majority of the group reporting to be of one race/ethnicity or that they are all low-
income adults, but that much of the variance that might have been explained by race/ethnicity 
was diluted by the inclusion of variables like education, health status, and place of residence.  
Race/ethnicity should be regarded as a social construct and thus acts as a proxy for a set of 
experiences that affect a multitude of life circumstances and outcomes.27-29  Miami, Louisville, 
and South Bronx were chosen for the Aetna Foundation-funded study because of their shared 
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experience with lower than national averages in high school graduates, health outcomes, and 
percent of people living below federal poverty level.   
The direction of the relationship between education and mHealth use and between age 
and mHealth use are consistent with findings from previous studies: Younger and more educated 
individuals are more likely to use mHealth.1-3  The consistent direction of the relationship 
between those less educated and more educated suggests health literacy and digital health 
literacy may be critical factors in understanding mHealth use in vulnerable populations.30  In 
terms of magnitude, the odds ratio for age was consistently greater than that for other variables 
across mHealth activities—younger individuals were 2 to 14 times as likely to engage in a 
mHealth activity compared to older individuals.  While the magnitudes are consistent with prior 
research, some of the odds ratio estimates may be unstable as suggested by wide confidence 
intervals.  The large magnitude of association could also be the result of the interaction between 
age and other factors unobserved in the study.  Thus more research is needed to investigate the 
association between age and mHealth use, with particular attention to moderating and mediating 
effects of other factors related to mHealth use. 
 Since our survey did not include income information, we could not test for association 
between income and mHealth use.  Unlike the gender effect reported in studies using nationally 
representative samples, we did not see an association between gender and mHealth use, which 
led us to suspect sociodemographic characteristics (i.e., gender, age, education) may affect 
mHealth use differently when we restricted the variability by including only low-income 
individuals in the study.  This suggests there may be differences in drivers of mHealth use 
between income groups, but would require additional data to test this hypothesis.   
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mHealth has the potential to ameliorate health disparities, but only if the individuals who 
can benefit from mHealth have access to mHealth and in a position to be able to use mHealth 
well.  Despite the narrowed gap in access to broadband and rapid adoption of smartphones, 
vulnerable populations continue to face barriers to mHealth use.31  Digital divide 2.0 refers to 
whether the user has the skills and competencies to benefit from technology use.  In essence, 
even with access to the Internet, a gap in mHealth use may exist due to disparities in digital 
health literacy.32  Norman and Skinner defined digital health literacy as “the ability to seek, find, 
understand, and appraise health information from electronic sources and apply knowledge gained 
to addressing or solving a health problem,”23  The next chapter will dive deeper into this 
association and explore whether there is a relationship between digital health literacy, 
sociodemographic characteristics, and mHealth use. 
Our study has several limitations.  One issue with using cross-sectional data is the 
inability to determine causal pathways, but the primary objective of the study was to elucidate 
the relationship between sociodemographic characteristics and mHealth use in vulnerable 
populations.  Another issue was small sample size, which made it challenging to conduct 
subgroup analyses.  There may also be a selection bias, since employed individuals are less able 
to attend studies conducted in-person.  A majority of the sample reported they were not 
employed.  Missingness was a concern due to the small sample size, but preliminary exploratory 
analysis suggested the data were missing at random and we could proceed with multiple 
imputation to account for the missingness.  Another limitation of using a self-administered 
survey is that self-reported responses can be problematic in survey research.33 
Our analysis only tells one part of the story about why and how vulnerable populations 
use mHealth.  Examining the association between sociodemographic characteristics and mHealth 
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use with quantitative data revealed that age and education, but not gender or race/ethnicity, are 
associated with mHealth use in vulnerable populations.  But in order to continue building this 
story, we would need insight into the individual’s intentions and motivations, as well the 
conditions in which they choose to use or not use mHealth.  In the survey, respondents were 
asked to respond to questions such as whether they participated in mHealth activities and what 
technologies they used for health management purposes.  The quantitative analysis represented 
these responses as yes/no, without providing context to each respondent’s answer.  It did not 
differentiate between using mHealth for managing an acute condition or for long-term wellness.  
It also did not take into account whether an individual was recorded as not using mHealth 
because s/he chose not to or did not have the skills to use mHealth.  These are important 
distinctions, particularly for vulnerable populations who may encounter challenges in accessing 
health care and associated services, understanding the context in which mHealth would be useful 
would inform strategies and interventions designed to meet the needs of vulnerable populations 
interested in maintaining and improving health.  Employing qualitative analysis could provide a 
fuller understanding of the rationale behind why individuals within vulnerable populations use or 
do not use mHealth.   
In summary, being younger is a consistent predictor of mHealth use across different types 
of mHealth activities in vulnerable populations.  Similar to other studies on mHealth use, having 
more education is predictive of some activities, but our study did not observe a relationship 
between gender and mHealth use.  These findings provide valuable insight for clinical care and 
public health interventions aimed at harnessing the benefits of mHealth.  Specifically, results 
suggest that subgroups within low-income populations may need to be targeted for increased 
engagement in mHealth.  It is clear that sociodemographic characteristics like age and education 
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should be taken into consideration when designing and implementing interventions aimed at 
encouraging mHealth use. 
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Tables and Figures 
Table 2.1. Online health-related activities 
Searched online for information on a health-related concern  
Asked a health-related question or shared a personal health-related experience online  
Signed up to receive email updates or alerts about health or medical issues  
Viewed someone’s story on health or medical issues  
Gone online to find others who might have health concerns similar to mine  
Downloaded forms online or applied for health insurance online  
Downloaded or used a health-related app  
Ordered medications online  
Scheduled appointments with doctors  
Researched doctors or health facilities online  
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Table 2.2. Participant Characteristics (n=316) 
  N (%) 
Location Miami, FL 53 (16.8) 
 Louisville, KY  139 (44.0) 
 South Bronx, NY 124 (39.2) 
Gender Female 209 (66.1) 
 Male 106 (33.5) 
 Missing 1 (0.3) 
Age 18-24 33 (10.4) 
 25-34 59 (18.7) 
 35-44 53 (16.8) 
 45-54 68 (21.5) 
 55-64 66 (20.1) 
 65-74 25 (7.9) 
 75+ 11 (3.5) 
 Missing 1 (0.3) 
Education Less than high school diploma 65 (21.0) 
 High school diploma/GED 84 (26.6) 
 Some college/AA/trade school 120 (38.0) 
 College graduate or more 41 (13.0) 
 Missing 6 (1.9) 
Relationship status Single not married 148 (46.8) 
 Married/ living with partner 84 (26.6) 
 Divorced/Separated/Widowed 83 (26.3) 
 Missing 1 (0.3) 
Race/Ethnicity Black 177 (56.0) 
 White 54 (17.1) 
 Hispanic 39 (12.3) 
 Asian 11 (3.5) 
 Mixed/Other 7 (2.2) 
 Missing 28 (8.9) 
Employment Employed 79 (27.2) 
 Not employed 86 (17.7) 
 Retired 37 (11.7) 
 Other*  60 (19.0) 
 Missing 1 (0.3) 
Health insurance type Public^ 203 (65.2) 
 Private 31 (9.81) 
 No insurance 22 (7.0) 
 Missing 52 (16.5) 
Self-reported health status Excellent 39 (12.3) 
 Very good 60 (19.0) 
 Good 127 (40.2) 
 Fair 74 (23.4) 
 Poor 15 (4.7) 
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Digital health literacy 8  4 (1.5) 
(eHEALS score) 9 - 20 30 (11.4) 
 21 - 30 111 (42.2) 
 31 - 39 105 (40.0) 
 40 13 (4.1) 
 Mean score (SD) (n=263) 28.28 (SD = 7.08) 
 Missing 53 (16.8) 
Smartphone ownership Smartphone 190 (60.1) 
 Basic cell phone 99 (31.3) 
 No phone 24 (7.6) 
 Missing 3 (1.0) 
Cell phone plan Prepaid 135 (42.7) 
 Standard 112 (35.4) 
 Pay-as-you-go 20 (6.3) 
 Other/no plan 27 (8.5) 
 Missing 22 (7.0) 
Device most used to get onto Cell phone 183 (57.9) 
the Internet Desktop 36 (11.4) 
 Laptop 32 (10.1) 
 Other 4 (1.3) 
 Don’t use any 7 (2.2) 
 Missing 51 (16.1) 
Non-health technology use Text 262/286 (91.6) 
 Email 219/259 (84.7) 
 Video chat 140/230 (60.9) 
 Social media 196/250 (78.4) 
 Games 172/246 (70.7) 
 Shopping 172/238 (72.3) 
 Banking 160/237 (67.5) 
* homemaker, student, unable to work 
^ Medicaid, Medicare, Dual, VA  
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Table 2.3. Attitudes about mHealth Use (n=316) 
n (%) Strongly 
disagree 
Disagree Neither Agree Strongly 
agree 
Missing 
“I am responsible for my 
own health.” 
23 (7.1) 3 (0.9) 13 (4.0) 77 (23.9) 187 (58.1) 19 (5.9) 
“I am actively taking care 
of my health.” 
14 (4.4) 7 (2.2) 22 (6.8) 132 (41.0) 123 (38.2) 24 (7.5) 
“I should be in control of 
who has access to my health 
data.” 
20 (6.2) 8 (2.5) 15 (4.7) 89 (27.6) 164 (50.9) 26 (8.1) 
“I would share my data so I 
can have better care from 
my doctor.” 
21 (6.5)  25 (7.8) 28 (8.7) 102 (31.7) 117 (36.3) 29 (9.0) 
 Very 
Dissatisfied 
Dissatisfied Neither Satisfied Very 
Satisfied 
Missing 
How satisfied are you with 
the accuracy of the 
information that you’ve 
found using these 
technologies? 
6 (1.9) 3 (0.9) 50 (15.5) 95 (29.5) 54 (16.8) 114 (35.4) 
How satisfied are you with 
the trustworthiness of the 
information that you’ve 
found using these 
technologies?  
2 (0.6) 4 (1.2) 62 (19.3) 98 (30.4) 40 (12.4) 116 (36.0) 
 Not useful 
at all 
Not Useful Unsure Useful Very 
Useful 
Missing 
How useful do you feel the 
Internet is in helping you in 
making decisions about 
your health? 
22 (6.8) 23 (7.1) 42 (13.0) 84 (26.1) 88 (27.3) 63 (19.6) 
 Not at all 
important 
Not 
Important 
Unsure Important Very 
Important 
Missing 
How important is it for you 
to be able to access health 
resources on the Internet? 
18 (5.6) 17 (5.3) 36 (11.2) 88 (27.3) 100 (31.1) 63 (19.6) 
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Table 2.4. Type(s) of Technologies used for Health Management Activities and Purpose (n=316) 
N  
(%/316) 
Wearables Health 
devices 
Apps Social 
networks 
Text 
message  
Video 
chat 
Patient 
portal 
Row total 
Fitness 13 (4.1) 5 (1.6) 6 (1.9) 9 (2.9) 13 (4.1) 7 (2.2) 8 (2.5) 61 (19.3) 
Diet 6 (1.9) 6 (1.9) 13 (4.1) 11 (3.5) 5 (1.6) 2 (0.6) 4 (1.3) 47 (14.9) 
Weight -- 1 (0.3) 8 (2.5) 6 (1.9) 1 (0.3) 3 (1.0) 7 (2.2) 26 (8.2) 
Blood pressure  4 (1.3) 23 (7.3) 3 (1.0) 1 (0.3) 2 (0.6) -- 4 (1.3) 37 (11.7) 
Medication 9 (2.9) 7 (2.2) 2 (0.6) -- 12 (3.8) 1 (0.3) 10 (3.2) 41 (13) 
Depression 2 (0.6) -- 1 (0.3) 3 (1.0) 4 (1.3) 2 (0.6) 4 (1.27) 16 (5) 
Stress 3 (1.0) 2 (0.6) 7 (2.2) 10 (3.2) 1 (0.3) -- -- 23 (7.3) 
Sleep 7 (2.2) 2 (0.6) 6 (1.9) 5 (1.6) 1 (0.3) 1 (0.3) 5 (1.6) 27 (8.5) 
Pain 21 (6.7) 8 (2.5) 16 (5.1) 18 (5.7) 12 (3.8) 7 (2.2) 29 (9.2) 111 (35.1) 
Column total 65 (20.5) 66 (20.9) 78 (24.7) 72 (22.8) 58 (18.4) 25 (7.9) 81 (25.6)  
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Table 2.5. Rate of mHealth Use in Vulnerable Populations (n=316) 
 n (%) 
Searched online for information on a health-related concern  235 (74.4) 
Asked a health-related question or shared a personal health-related experience online  120 (38.0) 
Signed up to receive email updates or alerts about health or medical issues  103 (32.6) 
Viewed someone’s story on health or medical issues  148 (46.8) 
Gone online to find others who might have health concerns similar to mine  99 (31.3) 
Downloaded forms online or applied for health insurance online  70 (22.2) 
Downloaded or used a health-related app  218 (69.0) 
Ordered medications online  42 (13.3) 
Scheduled appointments with doctors  102 (32.3) 
Researched doctors or health facilities online  125 (39.6) 
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Table 2.6. Adjusted odds ratios of participation in mHealth activity by sociodemographic 
characteristics (n=316) 
 
 
 
OR 
[95% CI] 
Searched online 
for information 
on a health-
related concern 
Asked a health-
related question or 
shared a personal 
health-related 
experience online 
Signed up to 
receive email 
updates or alerts 
about health or 
medical issues 
Viewed 
someone’s story 
on health or 
medical issues 
Gone online to 
find others who 
might have 
health concerns 
similar to mine 
Gender      
Female 0.85 
[0.45, 1.60] 
1.15 
[0.65, 2.02] 
1.59 
[0.90, 2.88] 
1.10  
[0.64, 1.88] 
1.50  
[0.82, 2.75] 
Male (ref) 1.00 1.00 1.00 1.00 1.00 
Age      
18-34 5.27* 
[1.80, 15.40] 
3.79*  
[1.36, 10.57] 
3.65*  
[1.25, 10.70] 
5.10*  
[1.93, 13.48] 
11.10 * 
[2.89, 42.56] 
35-64 2.34* 
[1.00, 5.46]  
2.92* 
[1.15, 7.38] 
2.34 
[0.87, 6.32] 
2.51*  
[1.06, 5.95] 
5.74*  
[1.60, 20.57] 
65+ (ref) 1.00 1.00 1.00 1.00 1.00 
Education      
≥ Bachelor’s degree 1.55 
[0.59, 4.03] 
3.39* 
[1.49, 7.76] 
1.24  
[0.54, 2.84] 
2.37*  
[1.07, 5.24] 
1.45  
[0.61, 3.44] 
Some college 2.08*  
[1.09, 3.97] 
2.69* 
[1.52, 4.75] 
1.45  
[0.83, 2.54] 
1.26  
[0.75, 2.14] 
1.94*  
[1.09, 3.46] 
≤ HS diploma (ref) 1.00 1.00 1.00 1.00 1.00 
Race/ethnicity      
White 1.39 
[0.63, 3.10] 
1.18 
[0.57, 2.41] 
0.64  
[0.29, 1.38] 
0.74  
[0.37, 1.46] 
0.93  
[0.43, 2.01] 
Hispanic 1.29 
[0.45, 3.70] 
1.64 
[0.68, 3.96] 
0.67  
[0.29, 1.56] 
1.58  
[0.68, 3.68] 
0.86  
[0.37, 2.00] 
Other 0.81 
[0.23, 2.85] 
1.03 
[0.28, 3.72] 
1.18  
[0.37, 3.76] 
1.47  
[0.49, 4.39] 
0.62  
[0.19, 2.05] 
Black (ref) 1.00 1.00 1.00 1.00 1.00 
Location      
Louisville 0.46* 
[0.22, 0.97] 
0.67* 
[0.35, 1.28] 
0.60 
[0.31, 1.14] 
0.87 
[0.47, 1.60] 
0.61 
[0.31, 1.19] 
Miami 1.10 
[0.41, 2.91] 
0.41* 
[0.18, 0.92] 
0.79 
[0.37, 1.73] 
0.68 
[0.33, 1.42] 
0.99 
[0.45, 2.17] 
South Bronx (ref) 1.00 1.00 1.00 1.00 1.00 
Employment      
Employed 0.97 
[0.46, 2.05] 
0.77 
[0.40, 1.49] 
1.02 
[0.54, 1.91] 
1.30 
[0.70, 2.40] 
1.41 
[0.74, 2.69] 
Relationship Status      
Married 0.37* 
[0.17, 0.79] 
0.32* 
[0.15, 0.70] 
0.83 
[0.41, 1.68] 
0.46* 
[0.23, 0.91] 
0.64 
[0.30, 1.35] 
Health Status      
Very good 0.58 
[0.18, 1.83] 
0.28* 
[0.11, 0.73] 
1.71 
[0.67, 4.34] 
0.93 
[0.38, 2.29] 
2.01 
[0.75, 5.37] 
Good 0.91 
[0.31, 2.69] 
0.78 
[0.34, 1.78] 
1.75 
[0.74, 4.11] 
1.55 
[0.69, 3.50] 
2.78 
[1.12, 6.89] 
Fair 0.55 
[0.17, 1.74] 
0.51 
[0.19, 1.34] 
1.25 
[0.47, 3.36] 
1.19 
[0.47, 2.97] 
1.36 
[0.48, 3.90] 
Poor 0.52 
[0.11, 2.48] 
1.02 
[0.26, 3.94] 
1.93 
[0.47, 7.93] 
0.90 
[0.23, 3.57] 
2.12 
[0.46, 9.68] 
Excellent (ref) 1.00 1.00 1.00 1.00 1.00 
Health insurance      
Public 0.25 
[0.03, 2.01] 
0.48 
[0.18, 1.32] 
0.98 
[0.36, 2.69] 
1.32 
[0.49, 3.53] 
2.31 
[0.74, 7.20] 
Private 0.86* 
[0.01, 0.78] 
0.41 
[0.11, 1.45] 
0.43 
[0.11, 1.62] 
0.84 
[0.25, 2.90] 
0.92 
[0.22, 3.81] 
Other 0.16 
[0.02, 1.65] 
0.56 
[0.14, 2.31] 
0.40 
[0.09, 1.78] 
1.21 
[0.31, 4.68] 
2.61 
[0.58, 11.73] 
1.00 1.00 1.00 1.00 1.00 
* p < 0.05  
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OR 
[95% CI] 
Downloaded 
forms online or 
applied for 
health 
insurance 
online 
Downloaded or 
used a health- 
related app 
Ordered 
medications online 
Scheduled 
appointments with 
doctors 
Researched 
doctors or health 
facilities online 
Gender      
Female 1.39 
 [0.71, 2.70] 
0.67 
[0.35, 1.30] 
1.67  
[0.74, 3.80] 
1.03 
 [0.57, 1.86] 
0.92 
 [0.53, 1.59] 
Male (ref) 1.00 1.00 1.00 1.00 1.00 
Age      
18-34 4.84* 
[1.23, 18.99] 
14.71*  
[4.59, 47.19] 
3.44 
 [0.65, 18.08] 
2.85*  
[1.05, 7.70] 
3.42*  
[1.33, 8.77] 
35-64 3.57  
[0.99, 12.91] 
3.24*  
[1.33, 7.84] 
2.05  
[0.44, 9.65] 
1.05  
[0.42, 2.62] 
1.31  
[0.57, 3.01] 
65+ (ref) 1.00 1.00 1.00 1.00 1.00 
Education      
≥ Bachelor’s degree 2.09  
[0.83, 5.29] 
2.65  
[0.91, 7.70] 
1.42  
[0.50, 4.09] 
1.20  
[0.52, 2.77] 
1.93  
[0.88, 4.25] 
Some college 1.91*  
[1.01, 3.60] 
2.13*  
[1.10, 4.11] 
0.64  
[0.29, 1.42] 
1.17  
[0.66, 2.09] 
1.32 
 [0.77, 2.28] 
≤ HS diploma (ref) 1.00 1.00 1.00 1.00 1.00 
Race/ethnicity      
White 1.42  
[0.64, 3.14] 
1.26  
[0.57, 2.78] 
1.07  
[0.38, 3.00] 
1.71  
[0.82, 3.56] 
0.91  
[0.46, 1.80] 
Hispanic 1.71  
[0.69, 4.20] 
0.72  
[0.24, 2.16] 
1.00  
[0.35, 2.88] 
1.09  
[0.47, 2.56] 
0.92  
[0.41, 2.08] 
Other 1.47  
[0.43, 4.97] 
0.47  
[0.13, 1.74] 
1.10  
[0.25, 4.76] 
0.99  
[0.30, 3.22] 
0.32  
[0.09, 1.19] 
Black (ref) 1.00 1.00 1.00 1.00 1.00 
Location      
Louisville 1.34 
[0.63, 2.88] 
0.17* 
[0.07, 0.38] 
0.61 
[0.25, 1.52] 
0.63 
[0.33, 1.21] 
1.31 
[0.70, 2.48] 
Miami 1.61 
[0.68, 3.84] 
0.27* 
[0.10, 0.68] 
1.84 
[0.70, 4.85] 
0.64 
[0.29, 1.42] 
1.29 
[0.61, 2.75] 
South Bronx (ref) 1.00 1.00 1.00 1.00 1.00 
Employment      
Employed 1.96 
[0.98, 3.90] 
2.78* 
[1.17, 6.58] 
1.94 
[0.85, 4.39] 
2.21* 
[1.17, 4.18] 
1.91* 
[1.02, 3.56] 
Relationship Status      
Married 0.48 
[0.2, 1.15] 
1.44 
[0.58, 3.57] 
0.85 
[0.33, 2.19] 
0.51 
[0.24, 1.06] 
0.52 
[0.26, 1.06] 
Health Status      
Very good 0.94 
[0.32, 2.80] 
1.12 
[0.31, 4.04] 
1.07 
[0.24, 4.70] 
0.81 
[0.33, 2.04] 
1.41 
[0.57, 3.49] 
Good 1.22 
[0.46, 3.29] 
0.91 
[0.30, 2.81] 
2.91 
[0.81, 10.43] 
0.85 
[0.37, 1.96] 
1.45 
[0.64, 3.29] 
Fair 1.55 
[0.51, 4.72] 
0.55 
[0.17, 1.79] 
3.21 
[0.76, 13.45] 
0.62 
[0.23, 1.66] 
0.77 
[0.30, 1.98] 
Poor 2.08 
[0.43, 9.97] 
0.51 
[0.11, 2.48] 
1.48 
[0.12, 17.60] 
0.32 
[0.06, 1.87] 
0.78 
[0.18, 3.31] 
Excellent (ref) 1.00 1.00 1.00 1.00 1.00 
Health insurance      
Public 0.49 
[0.18, 1.38] 
0.97 
[0.28, 3.38] 
1.75 
[0.43, 7.08] 
1.94 
[0.64, 5.85] 
1.25 
[0.46, 3.41] 
Private 0.32 
[0.08, 1.26] 
1.17 
[0.21, 6.42] 
1.08 
[0.17, 6.83] 
1.08 
[0.28, 4.20] 
0.74 
[0.21, 2.59] 
Other 0.32 
[0.06, 1.60] 
3.19 
[0.56, 18.21] 
1.10 
[0.14, 8.46] 
1.60 
[0.35, 7.45] 
0.90 
[0.22, 3.72] 
No insurance (ref) 1.00 1.00 1.00 1.00 1.00 
* p < 0.05  
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Figure 2.1. Online Health-Related Information Searches, by Topics (n=316) 
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CHAPTER 3.  Direct and Indirect Effects of Age and Education on mHealth Use  
in Vulnerable Populations 
 
INTRODUCTION 
In the previous chapter, we reported age and education to be strong predictors of mHealth 
use: Older people are less likely to use mHealth compared to younger individuals, and those 
individuals with lower educational attainment use less mHealth compared to those with more 
education.  These two findings are consistent with studies conducted with nationally 
representative samples.  Based on these two findings, it would be reasonable to recommend 
designing interventions targeted at older adults and at individuals with less formal education.  
Designing targeted interventions toward older and less educated populations requires better 
understanding of the variance in use within these populations and the obstacles and challenges 
they perceive in making more use of these technologies.  In this chapter, we focused on 
understanding the variance, and particularly the role of self-efficacy regarding the ability to use 
mHealth technologies. 
Self-efficacy is the belief in one’s own ability to successfully accomplish a task.  As a 
construct of Social Cognitive Theory, Badura proposed that individuals will generally attempt 
tasks they believe they can accomplish and will not attempt tasks they believe they will fail.1,2  
Individuals with a strong sense of self-efficacy believe they can accomplish difficult tasks, and 
see these tasks as challenges to be mastered as opposed to threats to be avoided.  The line of 
logic follows that those who perceive success will follow through to actual behavior, while those 
who are unsure may not.  There is an extensive body of literature dedicated to defining and 
understanding the theoretical basis for how self-efficacy affects actual behavior.3-6   
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Referring back to the conceptual model discussed in Chapter 1, one of the proposed 
pathways through which sociodemographic characteristics affect mHealth use is through self-
efficacy.  In other words, an individual’s age and education level affect his/her self-efficacy 
towards mHealth, which affects the actual use of mHealth.  Literature has found that specific 
measures of self-efficacy are highly associated with behavior.  Digital health literacy can be 
conceptualized as a task-specific measure of self-efficacy.  Digital health literacy is defined as an 
individual’s ability to “seek out, find, evaluate and appraise, integrate, and apply what is gained 
in electronic environments toward solving a health problem,”7,8 Research suggests that digital 
health literacy is associated with mHealth use, and has been shown to affect the quality of health 
care.9  Findings suggest a lack of self-perceived skills to use online information may lead to 
adverse outcomes.10  Digital health literacy skills are associated with better self-management 
skills, and also better self-perceived understanding of health status, symptoms, and treatment 
options,9 which are important components of being an engaged patient.    
 
Digital Health Literacy 
 Digital health literacy, or eHealth literacy, was defined by Norman in 2006 when he 
proposed The Lily Model as a framework to understand the skills individuals need to engage 
with technology-based applications “if the power of information technology is to be leveraged to 
promote health and deliver health care effectively,”8  This model connects six types of literacy—
traditional, health, information, scientific, media, and computer—to capture an individual’s 
ability to work with technology, critically think about issues of science and media, and navigate 
through a wide array of tools and sources to acquire the information necessary to make health 
decisions (Table 3.1). 
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Digital health literacy is the collection of skills required to successfully navigate Web 
2.0, which is aptly named to describe the second stage of development of the World Wide Web.  
Web 2.0 is characterized by user-generated content and the growth of social media such that the 
online experience is no longer restricted to using dial-up modem service to passively access 
content on a desktop computer.  The move from Web 1.0 to Web 2.0 also brought about changes 
in how and where people go online.  In the early 2000’s, broadband service became available to 
residences and enabled individuals to obtain a continuous connection without monopolizing 
phone lines.  According to the US Census, from the early adopters in 1999 (4%), broadband use 
quickly increased to 19.9% in 2003.11  More people were accessing the Internet from their 
homes, giving them more opportunities to interact with others online—through forums, blogs, 
and personal pages--and the ability to obtain more information in less time.  With the rapid 
adoption of smartphones in recent years, more individuals have access to the Internet through 
their phones or are using their phones as “hotspots” for wireless connection to the Internet for 
other devices. 
The digitization of health care has brought new meaning to being an engaged patient (or 
caregiver).  The health care experience has moved outside of the four walls of a hospital or 
provider’s office, such that patients (and caregivers) can connect with their care team through 
mHealth by doing things like make medical appointments online, participate in telehealth visits, 
order medication online, or send results from an activity tracking device to care coordinator.  
Participating in mHealth activities and using devices associated with these activities would 
require a certain level of digital health literacy for the patient and caregiver. 
The ability to search for health-related information 24/7 online has provided individuals 
with timely access to a vast amount of information that used to be only available through medical 
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personnel or from a printed brochure or book.  However, the downside of having so much 
information available online and the speed in which information can be disseminated is that the 
Internet does not vet itself.  Search results are not displayed according to accuracy, and user-
generated “campaigns” can quickly go viral before any fact-checking, which poses a significant 
problem when it comes to health-related issues.  What is more alarming is that with a few tricks 
of the trade, incorrect or unrelated information can be displayed ahead of accurate information 
from reputable sources.12,13  Knowing how to begin the search for health-related information 
with useful terms to yield useful search results, understanding how to evaluate search results, and 
then applying information to solve a health-related issue all require a combination of skills 
exemplified in digital health literacy.   
 
METHODS 
 The analytic framework for the present study draws from Moore and Benbasat’s 
Integrated Model (Figure 1.1).  We have adapted their model in two ways.  First, we have 
included sociodemographic characteristics as predictors of mHealth use.  While 
sociodemographic characteristics have direct effects on mHealth use, we posit that some of the 
effect can be explained by the pathway through self-efficacy to mHealth use.  Second, we 
included two variables to represent the construct mHealth use.  Looking at the list of ten mHealth 
activities from the survey, we wanted to more accurately represent the reality that the activities 
varied in complexity and effort.  Conducting factor analysis confirms two separate factors, which 
we labeled “search”, to denote activities related to searching for health-related information, and 
“engage”, to denote activities related to non-search online activities (Table 3.3).  We conducted 
additional exploratory analysis and a scatterplot of values for search (“searchx1”) and engage 
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(“activex1”) showed that the level of search would generally be higher than the level of 
engagement at every given level of activity (Figure 3.1).  This led us to model the relationship 
between sociodemographic characteristics and mHealth use to reflect the possibility that search 
may precede engagement, such that more intense participation in search is the gateway to further 
engagement in more complex type of mHealth activities.  We added an additional path from one 
type of mHealth use (“search”) to another type of mHealth use (“engage”).  This introduced a 
second intervening variable to the model: Sociodemographic characteristics predict engagement 
through search. 
 We will be testing direct and indirect effects with the following paths (Figure 3.2): 
Direct effects 
Findings from Chapter 1 showed age as a significant predictor for various mHealth 
activities.  Increasing age was associated with lower participation in mHealth activities.  We 
expect to see the same association here. 
Path D1.1: Age to search 
H D1.1: Age is negatively associated with search-related mHealth activities 
Path D1.2: Age to engage 
H D1.2: Age is negatively associated with engagement-related mHealth activities 
Path D1.3: Age to score 
H D1.3: Age is negatively associated with digital health literacy score  
Findings from Chapter 1 showed education to have predictive power for a few mHealth 
activities and a positive trend suggesting more education will lead to more participation in 
mHealth activities.  We expect to see the same association here. 
Path D2.1: Education to search 
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H D2.1: Education is positively associated with search-related mHealth activities 
Path D2.2: Education to engage 
H D2.2: Education is positively associated with engagement-related mHealth activities 
Path D2.3: Education to score 
H D2.3: Education is positively associated with digital health literacy 
The assessment tool for digital health literacy is comprised of questions asking about an 
individual’s perception of his/her ability related to searching for health-related information 
online.  It would be reasonable to expect that higher eHEALS score would lead to more 
participation in search-related mHealth activities.  However, since eHEALS was developed 
mainly for search-related activities, it may not have predictive power for engagement-related 
mHealth activities.  We posit that digital health literacy score would not be associated with 
participating in engagement-related mHealth activities. 
Path D3.1: Score to search 
H D3.1: Digital health literacy is positively associated with search-related mHealth 
activities 
Path D3.2: Score to engage 
H D3.2: Digital health literacy is not associated with engagement-related mHealth 
activities 
It is reasonable to assert that not all mHealth activities require the same amount of effort 
or expertise and equal in complexity.  Searching for health-related information online by entering 
a phrase into a search engine is not the same as navigating through a patient portal to look for 
test results or activating the video chat option for a telehealth visit.  We are sensitive to the 
subjective nature of assigning weights to reflect this reality, and looked to more scientifically 
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categorize the tasks with a statistical procedure.  Factor analysis yielded two factors which we 
adopted as the two outcomes, “search” and “engage.”   Exploratory analysis revealed evidence of 
higher level of search for every level of engagement.  In other words, individuals who reported 
participation in three search activities almost always participated in less than three engagement 
activities, and those who reported participation in one engagement activity almost always 
reported two or more search activities.  We added this path to the analysis to test the hypothesis 
that participating in search activities is a precursor or gateway to participating in engagement-
type mHealth activities.  
Path D4.1: Search to engage 
H D4.1: Search is positively associated with engagement-related mHealth activities 
 
Indirect effects 
We posit that digital health literacy would help to explain some of the effect we found 
with age and education, such that the relationship between age and mHealth use and education 
and mHealth use would be more accurately represented. 
Path I1.1: Age to search through score 
H I1.1: Age is negatively associated with search-related mHealth activities, through 
digital health literacy 
Path I1.2: Age to engage through score 
H I1.2: Age is negatively associated with engagement-related mHealth activities, through 
digital health literacy 
Path I2.1: Education to search through score 
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H I2.1: Education is negatively associated with search-related mHealth activities, 
through digital health literacy 
Path I2.2: Education to engage through score 
H I2.2: Education is negatively associated with engagement-related mHealth activities, 
through digital health literacy 
Given our previous hypothesis that digital health literacy score would not have an effect 
on engagement activities, we sought to understand whether digital health literacy would have an 
effect through participation in search-related mHealth activities.  It follows the logic that if 
digital health literacy score has a positive association with search, and that search is a precursor 
to engagement activities, it is reasonable to expect that digital health literacy would have a 
positive association with engagement through search. 
Path I3.1: Score to engage through search 
H I3.1: Digital health literacy score is positively associated with engagement-related 
mHealth activities, through search-related mHealth activities 
 
Procedures 
The data was collected as part of an Aetna Foundation-funded study on mHealth use in 
vulnerable populations.  Focus group sessions were conducted between June and July 2016 in 
three communities: Louisville, KY, South Bronx, NY, and Miami, FL.  Participants filled out a 
22-item survey and digital health literacy assessment before the start of the focus group session.  
The survey collected sociodemographic and current technology use information.  A convenience 
sample was recruited by local governmental, community, and faith-based organizations. The 
sample consisted of 345 individuals over 18 years of age residing in one of the three 
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communities identified above.  The final sample (n=316) excluded respondents who did not turn 
in the survey.  
 
Measurement of Variables  
We included two sociodemographic characteristics in the model that presented 
statistically significant results in the previous study: age and education (See full measurement 
model in Appendix I).  We constructed the variables with responses from the survey.  For age, 
respondents selected an age group: 18 to 24, 25 to 34, 35 to 44, 45 to 54, 55 to 64, 65 to 74, or 
75+.  We retained these groupings to mimic a continuous variable to represent age.  For 
education, respondents were provided with seven groups to select from in the survey.  We 
created a dichotomous variable from the responses to “What is the highest degree or level of 
school you have completed” to represent an individual’s educational attainment (0=high school 
diploma or less, 1=some college or more).   While using a categorical variable for education may 
have retained more information, using a dichotomous variable in the model simplified the 
interpretation of our analysis.  Also, due to the extensive number of parameters estimated in the 
model, the variable representing educational attainment was dichotomized in favor of parsimony.   
We hypothesized that age and education affect mHealth use through self-efficacy, or an 
individual’s perception of his/her ability to use mHealth.  Digital health literacy was chosen as a 
proxy for self-efficacy because self-efficacy is the perception of the possibility of success in 
achieving a certain outcome,14 and digital health literacy is assessed by self-perception of ability 
to perform search for health information online.7   
There are several measures available in the literature for digital health literacy 
assessment.  Karnoe and Kayser identified three tools to measure digital health literacy Karnoe 
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and Kayser identified three tools to measure digital health literacy in their 2015 review.15  The 
most prominent tool discussed in literature is the eHealth Literacy Scale (eHEALS), developed 
by Norman and Skinner in 2006.  The authors reported 41 studies had used eHEALS to assess 
digital health literacy at the time of publication.  The two other tools, electronic Health Literacy 
Scale (eHLS)16 and the Patient Readiness to Engage in Health Internet Technology (PRE-HIT),17 
expanded the understanding of digital health literacy beyond what was covered by eHEALS.   
eHLS, also published in 2014, was developed “to include interactive and communicative 
aspects of literacy (information exchange) and critical evaluative skills of information (quality 
assessment) provided in electronic sources.”16  This tool expanded the definition of digital health 
literacy through the addition of three domains: behavioral literacy, cognitive literacy, and 
interactional literacy.  PRE-HIT, published in 2014, was designed to measure readiness to use 
internet resources to access health information, and included concepts such as motivations, 
preferred source of information, and privacy concerns.17  The authors focused on older adults, 
especially those with chronic conditions, because “many of the health information technology 
interventions are being developed for people with chronic conditions.”  With the exception of 
eHEALS, Karnoe and Kayser did not find other publications using PRE-HIT or eHLS aside from 
the publications presenting each tool.   
Van der Vaart and Drossaert developed the Digital Health Literacy Instrument (DHLI), 
an assessment tool incorporating Health 1.0 and Health 2.0 skills in 2017.18  This instrument 
included self-report items as well as performance-based items. The DHLI was developed to 
measure not only how individuals use health information found online (i.e., Health 1.0), but also 
to test the user’s ability to use a broad spectrum of interactive technologies (i.e., Health 2.0). It 
measures “operational skills, navigation skills, information searching, evaluating reliability, 
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determining relevance, adding self-generated content, and protecting privacy.” No other study 
has used DHLI, aside from the publication validating the tool. 
Kayser et al. conceptualized the eHealth Literacy Questionnaire (eHLQ) in 2017 to not 
only assess an individual’s competencies, but also an individual’s experience with engaging the 
system, and an individual’s interaction with the system.19  At the time of publication, the authors 
stated the tool was in the field.  In 2018, Kayser and another group of authors developed the 
Readiness and Enablement Index for Health Technology (READHY), which was based on the 
eHLQ, the Health Impact Questionnaire (heiQ), and the Health Literacy Questionnaire (HLQ). 20  
READHY combined 13 dimensions with a total of 65 items from eHLQ, heiQ, and HLQ to 
capture “a user’s health technology readiness level and degree of enablement.” This tool is a 
work-in-progress as the authors acknowledge it is quite long and initial testing suggested there 
was redundancy. 
Norman and Skinner developed the eHEALS to assess an individual’s health literacy in a 
digital context.  The eHEALS is an eight-item questionnaire consisting of the six domains as 
mentioned earlier (information literacy, media literacy, traditional literacy, health literacy, 
computer literacy, and science literacy).8  eHEALS was validated as part of a smoking cessation 
study.  All questions are presented on a 5-point Likert scale, with 8 being the lowest total score 
for answering all questions with “strongly disagree” and 40 being the highest possible score for 
answering all questions with “strongly agree” (see Appendix III).  This instrument has been 
validated with various populations, including those with spinal cord injuries,21 with rheumatic 
disease,22 college students,23 homebound older adults,24 and baby boomers.25  eHEALS is still 
the only tool that has been used in studies besides the one it was originally published.   
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Given its wide use in multiple studies, we use eHEALS to assess respondents’ digital 
health literacy.  The instrument is presented in Appendix III. We summed the eight items in the 
assessment tool to obtain each respondent’s score to construct the variable “score.”Scores ranged 
from 8, if answered “strongly disagree” to all eight questions, to 40, if answered “strongly agree” 
to all questions.  Missingness for this variable, or respondents without an eHEALS score, is 
18.32% (n=59).  Since we used structural equation modeling (SEM) to estimate coefficients, 
maximum likelihood for missing values (mlmv) was selected as the estimation method to 
account for missing data in the model.26 
To construct the outcome variable “mHealth use”, we used responses from the survey 
question, “Which of the following online health-related activities have you done in the last 12 
months? Please check the box if you have done these activities in the last 12 months.” The 
choices comprised of a list of ten online health-related activities (Table 3.2).   
We employed factor analysis to explore the relationship between these activities to create 
a composite variable to represent multiple dimensions of mHealth use.  Exploratory factor 
analysis is used “to identify a set of latent constructs underlying a battery of measured 
variables…[and] to arrive at a parsimonious representation of the associations among measured 
variables.”27  The initial results without rotation yielded one factor and thus was not very useful.  
We applied the oblique promax rotation to account for the correlated nature of the items, 
resulting in three factors (Table 3.3).  This rotation method also maximizes high-item loadings, 
which then allows for a more interpretable and simplified result.  Only loadings greater than 0.33 
were retained based on conventional practice, resulting in four items loading onto factor 1, three 
items onto factor 2, and two items onto factor 3.28  The item “healthapp” did not load onto any of 
these three factors because the loadings did not meet the 0.33 threshold. 
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Two factors were ultimately retained based on the screeplot (See appendix I for 
screeplot.).29  Factor 1 and factor 2 were subsequently renamed “search” and “engage”, 
respectively, to represent the participation in searching for health-related information online 
(“search”) and engagement in mHealth activities beyond searching for health-related information 
online (“engage”).   
We had considered constructing the outcome variable by summing all the activities 
together.  However, we posit that these activities are not equal in complexity, effort, or 
application.   For example, searching for information about a medical treatment online does not 
involve the same skillset as ordering medication online. We did not want to assign weights to the 
activities arbitrarily, nor did we want to just choose one of these activities as the proxy for 
mHealth use.  It was also important to account for the correlated nature of these activities.  It is 
reasonable to assume that certain activities utilize a similar skillset or some activities are 
complementary and that doing one could lead to other forms of mHealth use.  Taking into 
account all of the above, factor analysis was performed to extract factors to capture various 
aspects of mHealth use. 
The decision to use the factors “search” and “engage” as outcomes was further reinforced 
by examining the research supporting the use of eHEALS as a digital health literacy assessment 
tool.  Since eHEALS was developed in 2006 when social media and smartphone use was not as 
pervasive and wireless internet access was not as widely available, we questioned whether 
eHEALS would be adequate to fully assess digital health literacy in 2016 (when current research 
participants were assessed).  The questions in eHEALS focus on perceptions related to searching 
for health information online (Appendix III).  It is reasonable to question its validity when 
mHealth activities now include more than just searching for health-related information online.  A 
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study published in 2011 by van der Vaart et al. disputed the validity of eHEALS.30  The authors 
found no correlation between eHEALS scores and scores on actual performance on health-
related online tasks. The expected relationships between digital health literacy, age, and 
education were also not significant. Some of the observed effects may be due to cultural 
differences (the study’s population was Danish), or it could be attributed to the evolving nature 
of digital health. Van der Vaart’s findings suggest there may be limitations to eHEALS as an 
assessment tool for digital health literacy and highlighted the need for further research. In 
response to this study’s findings, Norman acknowledged the manner in which digital health 
literacy is assessed should be reflective of the availability of new digital health solutions and 
rapid adoption of social media.31  We therefore hypothesize that the digital health literacy score 
would have a larger effect on search than on engage, if any effect at all, suggesting that eHEALS 
score may not be as useful in predicting use of mHealth in non-search for health-related 
information activities. 
 
Analysis plan 
Exploratory analysis using scatterplot and multiple linear regression models suggest age 
and education affect mHealth use through digital health literacy.  To test for indirect effects, we 
employed structural equation modeling (SEM) as we are looking to gain information about latent 
factors through observed variables. SEM accounts for measurement error in observed predictor 
variables, is more efficient in providing standardized coefficients, handles missing data, and tests 
indirect paths.32  SEM also allows us to test theoretical propositions regarding directionality of 
significant relationships and how constructs are theoretically linked.   
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STATA uses full information maximum likelihood (FIML) to handle missing data 
through the SEM suite.  FIML is more efficient than multiple imputation (MI), as FIML obtains 
estimates under one model.33  Moreover, unlike MI which involves random draws, FIML 
produces the same results for the same set of data.  FIML is implemented with the maximum 
likelihood for missing values (mlmv) estimator in STATA.  Normal maximum likelihood 
requires listwise deletion of missing data, but MLMV retains all cases with more than one data 
point by assuming joint normality of all variables and that missing data are missing at random 
(MAR).   
All variables were constructed from items from the pre-focus group survey (measurement 
model in Appendix I).  Coefficients were estimated using simultaneous equations, and direct and 
indirect effects are provided using postestimation commands in STATA.  We assessed goodness 
of fit of the model with Bentler Comparative Fit Index (CLI), Tucker-Lewis Index (TLI), and 
root mean square error of approximation (RMSEA).  Models are considered a good fit if CFIs 
and TLIs are greater than .95 and RMSEAs are less than 0.05.34  All statistical analysis was 
performed using STATA 13.1 .35  
 
 
RESULTS 
Participant characteristics are presented in Table 3.4. Of all participants (n=316), 44% of 
the sample resided in South Bronx (n=124), followed by 40% from Louisville (n=113) and 15% 
from Miami (n=43).  Two-thirds of the sample was female.  A majority of the participants were 
between the ages of 35 and 64, reported to be single not married, black, and have at least a high 
school diploma or GED.  Over three-quarters of the sample reported having public health 
73 
 
insurance (Medicaid, Medicare, or VA), while 10% reported having no health insurance.  Almost 
75% of the sample self-reported their health status to be excellent.   
In additional to the survey, participants were also asked to complete a digital health 
literacy assessment (eHEALS).  Mean score for the 263 respondents who returned the 
assessment was 28.28 (SD=7.08).  The lowest possible score is 8 and highest 40 (if the 
respondent answered every question on the eight-item eHEALS).  Four respondents (1.5%) had a 
score of 8, which meant they had answered “strongly disagree” to every item on the eHEALS, 
while 13 respondents (4.1%) had a score of 40, which meant they had answered “strongly agree” 
to every item.  Answering “undecided” for all eight items of the assessment would result in a 
score of 24. 
Coefficients are estimated using simultaneous equations, and direct and indirect effects 
are provided using post-estimation commands in STATA.  The model fit is good : CFI = 0.97, 
TLI = 0.95, and RMSEA is less than 0.05 (p=0.049).34  All p-values for direct and indirect 
effects are considered significant at the 0.05 alpha level (See Appendix VI for full output). 
 We found a statistically significant association between age and search such that for 
every ten-year increase in age, an individual would participate in 0.05 fewer units of search-
related mHealth activities (p<0.001).  Hypothesis D1.1 is supported.  There was no association 
between education and search, but a possible trend indicating more education is associated with 
more search-related activities (p=0.058).  Hypothesis D2.1 is not supported. 
Neither age nor education had direct effects on engagement (p=0.165 and p=0.329, 
respectively).  Hypothesis D1.2 and D2.2 are not supported. 
Both age and education were associated with of digital health literacy, such that 
increasing age was associated with lower digital health literacy score (B=-1.10, 95%CI[-1.63,-
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0.57], p<0.001), and at least some college was associated with higher digital health literacy score 
(B=2.25, 95% CI[0.45,4.04], p=0.014).  Hypothesis D1.3 and D2.3 are supported. 
Digital health literacy score was a significant predictor for search (p<0.001), but it was 
not a significant predictor for engagement (p=0.930).  This supports our hypothesis that eHEALS 
would have a significant effect on search (H D3.1) but not on engagement (H D3.2). 
 Participation in search-related activities is positively associated with engagement-related 
mHealth activities (B=0.763, 95%CI[0.55,0.98], p<0.0001), which supports hypothesis D4.1. 
 
Indirect effects 
We hypothesized that age and education have an indirect effect on search-related 
mHealth activities through digital health literacy.  Lower age and more education are associated 
with search-related activities through digital health literacy (Age: B=-0.01, 95%CI[-0.02,-0.005], 
p=0.002; education: B=0.30, 95%CI[0.003,0.06], p=0.030), which supports hypothesis I1.1 and 
I2.1.  
We hypothesized that both age and education have an indirect effect on engagement-
related mHealth activities through digital health literacy and search.  Lower age and more 
education are associated with engagement-related activities through digital literacy and search 
(coefficient for age = -0.050, 95%CI[-0.07,-0.03], p<0.001; coefficient for education = 0.08, 
95%CI[0.02,0.14], p=0.012), which supports hypothesis I1.2 and I2.2. 
 Digital health literacy score is positively associated with engagement-related mHealth 
activities through search-related mHealth activities (B=0.010, 95%CI[0.005,0.015], p<0.001), 
which supported hypothesis I3.1. 
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DISCUSSION 
 The principal findings are that digital health literacy plays a direct and indirect role in 
predicting mHealth use, and that searching for health-related information online may be a 
precursor to further engagement in mHealth.  We know from prior research that age and 
education are strong predictors of mHealth use.17  The present study sought to further elucidate 
this relationship by examining the direct and indirect effects of digital health literacy on mHealth 
use.  As we had variables to model two types of mHealth use, we present two separate findings.  
Age and education have statistically significant effect on searching for health-related information 
online through digital health literacy.  For engagement-related activities, age and education also 
had a statistically significant effect through search.  The latter finding bolsters the hypothesis that 
searching for health-related information online is the precursor to further engagement in 
mHealth.   
Our findings provided further insight into the role digital health literacy plays in the 
relationship between sociodemographic characteristics and mHealth use.  Since we asserted that 
mHealth activities varied in complexity, skillset, and application, it is reasonable to contend that 
more intense participation in search activities occurs before further participation in engagement-
related activities.  This leads us to posit that facility and comfort with search may be contributing 
to an individual’s willingness to engage in engagement-related mHealth activities like ordering 
medication online or using an app.  Further research is needed to examine this association and to 
better understand what it is about search that increases one’s propensity to participate in more 
“active” forms of mHealth activities. If indeed a higher degree of participation in search 
activities leads to participation in engagement-related activities, it would be another area of 
intervention to consider when looking to increase engagement in mHealth. 
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Findings from this study are in line with existing research that age and education are 
associated with online search activity. Kontos et al. reported age as the sole predictor of 
searching for health information online in the past 12 months.17  Even though gender has been 
reported to be associated with mHealth use, we did not find similar effects in exploratory 
analysis and therefore did not include gender in this model.  Excluding gender provided better 
model fit and more precise parameter estimates in our study.  We also found age and education 
to be associated with mHealth engagement but only detected the effect through digital health 
literacy.  This is an important finding to highlight because results from nationally representative 
survey showed statistically significant association between age and education without 
intervening variables, but this study utilized a sample of only individuals in vulnerable 
populations and did not detect a statistically significant effect until digital literacy was added to 
the model.  This finding suggests something there are differences in how vulnerable populations 
individuals use mHealth, and possibly a clue as to why vulnerable populations (i.e., low income, 
less educational attainment, older) have been categorized as infrequent or non mHealth users.  
Age and education alone did not explain the variation in use for vulnerable populations, but 
adding a variable to represent digital health literacy resulted in a statistically significant 
association between age and education and mHealth use.  It is critical for further research to 
better understand the role digital health literacy plays in affecting mHealth use in vulnerable 
populations to inform interventions targeted at encouraging mHealth use.   
There were several limitations with the study.  Small sample size made it difficult to 
conduct subgroup analyses. Missingness was a concern due to small sample size, but preliminary 
exploratory analysis suggested the data was missing at random and we could proceed with 
statistical techniques to account for the missingness.  An issue with using cross-sectional data is 
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the inability to determine causal pathways, but our findings suggest possible mediation between 
age and education and mHealth use through digital health literacy.  We recommend collecting 
additional data at different time points that would provide more suitable data to test for 
mediation.  We were able to capture diversity of mHealth use but not intensity of use; the survey 
questions asked, “In the past 12 months”, which could be once or five days or daily.  While we 
were unable to incorporate intensity of use into our outcome variables, using factor analysis did 
enable us to capture the diversity dimension of mHealth use.   
In terms of the possibility that eHEALS may not be an appropriate assessment tool to 
fully assess digital health literacy twelve years after its development, two separate outcomes 
were constructed to account for this possibility.  This study examined the role of digital health 
literacy in two different relationships, the first being searching for health-related information and 
second, further engagement in mHealth activities. Our findings suggest that eHEALS is indeed a 
valid instrument to assess digital health literacy for searching for health-related information 
online, but eHEALS is suspect in its ability to assess beyond search behavior.  This lends support 
to the efforts to develop new tools or update current ones to assess digital health literacy to 
reflect the availability of new digital health solutions and rapid adoption of social media in the 
era of Web 2.0.   
The association between age and mHealth use is undeniable, which led us to ponder what 
it is about an individual’s age that truly drives mHealth use.  One could attribute this to a “cohort 
effect”, where a group of individuals are defined by shared temporal experiences/exposure as 
they move across time.36  In the case of our study, one could argue that the mHealth use patterns 
by individuals in different age groups are influenced by their respective cohort’s exposure to 
varying “doses” of technology and opportunities to learn and use technology. In other words, if 
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look beyond the chronological age and consider the unobservable attributes of age, we would see 
that age also embodies an individual’s perspective, values, and attitudes.  The effect of age on 
mHealth use became significant when we included digital health literacy in the model because 
digital health literacy is one’s perception of ability to use mHealth tools, which is influenced by 
an individual’s perspective, values, and attitudes.  All of these things influence an individual’s 
familiarity with technology, which can influence mHealth use behavior.  It is therefore critical to 
the success of interventions intended to encourage mHealth use to incorporate the target 
audience’s familiarity with technology.  
Although using a cross-sectional dataset limited our ability to provide proof of causal 
relationships, focusing on indirect effect revealed statistically significant associations between 
age and education and mHealth use through digital health literacy.  If we were to tailor 
interventions to promote mHealth use, starting at the intersection of age and digital health 
literacy would be a good place to begin. We also uncovered a potential association between 
search and engagement activities, which suggests a pathway to further engagement in mHealth 
upon some level of intense participation in search activities.  Improving digital health literacy 
could spur more comfort and facility with search, which in turn could affect further engagement 
in mHealth activities in vulnerable populations.   
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Tables and Figures 
Table 3.1. The Lily Model8 
Type of literacy Definition provided by Norman 
Traditional To encompass basic (or prose) literacy skills such as the ability to 
read text, understand written passages, and speak and write a 
language coherently.37 
Information To know “how knowledge is organized, how to find information, 
and how to use information in such a way that others can learn 
from them,”38 
Media To have the means of critically thinking about media content and 
the ability to “develop metacognitive reflective strategies by means 
of study” about media content and context.39 
Health To have “a constellation of skills, including the ability to perform 
basic reading and numerical tasks required to function in the health 
care environment. Patients with adequate health literacy can read, 
understand, and act on health care information,”40 Users need to 
understand relevant health terms and place health information into 
the appropriate context in order to make appropriate health 
decisions  
Computer To have the ability to use computers to solve problems and 
includes the ability to adapt to new technologies and software and 
includes both absolute and relative access to eHealth resources.41 
Scientific To have the ability to place health research findings in appropriate 
context, allowing users to understand how science is done, the 
largely incremental process of discovery, and the limitations—and 
opportunities—that research can present.42 
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Table 3.2. Online health-related activities 
Searched online for information on a health-related concern  
Asked a health-related question or shared a personal health-related experience online  
Signed up to receive email updates or alerts about health or medical issues  
Viewed someone’s story on health or medical issues  
Gone online to find others who might have health concerns similar to mine  
Downloaded forms online or applied for health insurance online  
Downloaded or used a health-related app  
Ordered medications online  
Scheduled appointments with doctors  
Researched doctors or health facilities online  
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Table 3.3. Survey items and factor loading 
Survey item Indicator Factor 1 
search 
Factor 2 
engage 
Factor 3 Uniqueness 
Searched online for 
information on a health-
related concern 
Searched 0.6274   0.5344 
Asked a health-related 
question or shared a 
personal health-related 
experience online  
Ask 0.5147   0.5396 
Signed up to receive 
email updates or alerts 
about health or medical 
issues 
Alerts  0.4321  0.5790 
Viewed someone’s story 
on health or medical 
issues 
Story 0.5787   0.5563 
Gone online to find 
others who might have 
health concerns similar to 
mine 
Findothers 0.3808   0.5870 
Downloaded forms 
online or applied for 
health insurance online 
Forms  0.5522  0.5846 
Downloaded or used a 
health-related app 
Healthapp     0.7913 
Ordered medications 
online 
Orderedmeds  0.5934  0.5879 
Scheduled appointments 
with doctors 
Appt   0.4878 0.5659 
Researched doctors or 
health facilities online  
Researched_docs   0.5837 0.5086 
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Table 3.4. Participant Characteristics (n=316) 
  N (%) 
Location Miami, FL 53 (16.8) 
 Louisville, KY  139 (44.0) 
 South Bronx, NY 124 (39.2) 
Gender Female 209 (66.1) 
 Male 106 (33.5) 
 Missing 1 (0.3) 
Age 18-24 33 (10.4) 
 25-34 59 (18.7) 
 35-44 53 (16.8) 
 45-54 68 (21.5) 
 55-64 66 (20.1) 
 65-74 25 (7.9) 
 75+ 11 (3.5) 
 Missing 1 (0.3) 
Education Less than high school diploma 65 (21.0) 
 High school diploma/GED 84 (26.6) 
 Some college/AA/trade school 120 (38.0) 
 College graduate or more 41 (13.0) 
 Missing 6 (1.9) 
Relationship status Single not married 148 (46.8) 
 Married/ living with partner 84 (26.6) 
 Divorced/Separated/Widowed 83 (26.3) 
 Missing 1 (0.3) 
Race/Ethnicity Black 177 (56.0) 
 White 54 (17.1) 
 Hispanic 39 (12.3) 
 Asian 11 (3.5) 
 Mixed/Other 7 (2.2) 
 Missing 28 (8.9) 
Employment Employed 79 (27.2) 
 Not employed 86 (17.7) 
 Retired 37 (11.7) 
 Other*  60 (19.0) 
 Missing 1 (0.3) 
Health insurance type Public^ 203 (65.2) 
 Private 31 (9.81) 
 No insurance 22 (7.0) 
 Missing 52 (16.5) 
Self-reported health status Excellent 39 (12.3) 
 Very good 60 (19.0) 
 Good 127 (40.2) 
 Fair 74 (23.4) 
 Poor 15 (4.7) 
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Digital health literacy 8  4 (1.5) 
(eHEALS score) 9 - 20 30 (11.4) 
 21 - 30 111 (42.2) 
 31 - 39 105 (40.0) 
 40 13 (4.1) 
 Mean score (SD) (n=263) 28.28 (SD = 7.08) 
 Missing 53 (16.8) 
Smartphone ownership Smartphone 190 (60.1) 
 Basic cell phone 99 (31.3) 
 No phone 24 (7.6) 
 Missing 3 (1.0) 
Cell phone plan Prepaid 135 (42.7) 
 Standard 112 (35.4) 
 Pay-as-you-go 20 (6.3) 
 Other/no plan 27 (8.5) 
 Missing 22 (7.0) 
Device most used to get onto Cell phone 183 (57.9) 
the Internet Desktop 36 (11.4) 
 Laptop 32 (10.1) 
 Other 4 (1.3) 
 Don’t use any 7 (2.2) 
 Missing 51 (16.1) 
Non-health technology use Text 262/286 (91.6) 
 Email 219/259 (84.7) 
 Video chat 140/230 (60.9) 
 Social media 196/250 (78.4) 
 Games 172/246 (70.7) 
 Shopping 172/238 (72.3) 
 Banking 160/237 (67.5) 
* homemaker, student, unable to work 
^ Medicaid, Medicare, Dual, VA 
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Figure 3.1. Scatterplot of variables “search” and “engage” 
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Figure 3.2. SEM Diagram 
 
 
 
Rectangles denote observed variables; ovals denote latent variables. 
Arrows denote paths. 
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Figure 3.3. SEM Diagram with Coefficients 
 
 
* p < 0.05 
 
Rectangles denote observed variables; ovals denote latent variables. 
Arrows denote paths.   
E.g., the coefficient on the path education to search is 0.074 (not significant) 
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CHAPTER 4. mHealth Use in Older Adults: A Qualitative Study 
 
INTRODUCTION 
Research shows that age is associated with mhealth use, such that older individuals’ 
participated in fewer mHealth activities compared to younger individuals.1,2  There is some 
evidence showing mHealth use improves quality of care and may also improve health 
outcomes.3,4 This means mHealth tools could potentially help older adults manage chronic 
conditions and support aging in place.5   Moreover, mHealth tools would allow older adults to 
seek care outside of the traditional four walls of a clinic or hospital, which could solve some of 
the issues surrounding transportation to medical visits or mobility issues. mHealth tools seem to 
have the potential to provide support for older adults, yet older adults are consistently reported to 
be infrequent or non mHealth users.6-10 
Although many studies have been conducted on older adults’ technology acceptance and 
use11-13 such as mobile phones14,15 and online banking,16 fewer have focused on health-related 
technology acceptance and adoption by older adults.17-19  Findings from studies examining 
general technology use in older adults focused on product design issues, or perceived usefulness 
of the technology, suggesting that building a “better” device or application would increase the 
number of users.20  Despite efforts to facilitate technology use, from phones and software add-
ons specifically designed for older adults,21 to peer support22 and tutorials,23 impediments remain 
for many older adults.24,25  Studies have cited fear and anxiety of using digital devices 
independently, skeptical attitudes, complexity and unfamiliarity with overall technology, and 
decreased confidence in the ability to use technology have deterred older adults from adopting 
technology.26-29  Cost of acquiring the device and other costs associated with using technology 
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(e.g., phone plans, add-on features) have also been cited as barriers to technology use in older 
adults.30-32 
Physical and cognitive limitations of aging, including memory, attention, processing 
speed, spatial ability, visual acuity, and contrast sensitivity, can affect technology use.33  
Hardware design features like screen size, sound quality, or buttons, and software features like 
hierarchical menu systems, may impact use negatively.32  Many elderly users have impaired 
vision and experience decrease in manual dexterity.34  Cognitive demands are exacerbated due to 
the physical constraints of dimly-lit screens, small-sized print, and tiny buttons.  The formation 
of new memory connections slows, which makes learning and incorporating a new device into 
daily life challenging for many older adults.35  
Research has shown that even with many years of technology experience, some older 
adults remain in a stage of “limited use,”36,37  For the older adults who do use technology, they 
often use fewer features than their younger counterparts.38  In a study examining variety of 
mobile phone features used by older adults, the survey asked about the extent to which 
respondents have incorporated voice calling, basic functions, internet-based functions, and media 
player functions.39  Findings from this study indicated that older adults use mobile technologies 
for the same purposes and activities as younger users typically do, but older adults tend to use the 
more basic functions and to a lower extent. For example, older adults may report using their 
phones to get onto YouTube.  While younger users may upload content to the platform or 
comment on other people’s videos, older users may use the platform for more basic features, 
such as searching for favorite songs, and were less likely to comment or upload content to 
YouTube.  
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In light of the evolution of mobile technologies, where third-party applications are 
integral to the user experience, the adoption of mobile technology has extended beyond the basic 
uses of the technology.  Full adoption is increasingly defined by the additional number of 
functions individuals use.24  This definition of full adoption therefore poses a challenge for older 
adults who are mainly using the elementary features of mobile technologies.36 
 
Overview of Study 
Our conceptual model provided a framework to study the extent to which 
sociodemographic characteristics affect an individual’s mHealth use behavior, through social 
norms, self-efficacy, and attitude towards technology (Figure 1.1).  Using quantitative survey 
data, Chapter 2 examined the relationship between sociodemographic characteristics and 
mHealth use, and Chapter 3 advanced our understanding about the role of self-efficacy in this 
relationship.  This chapter used qualitative methods to enrich our understanding of older adults’ 
acceptance and use of mHealth.  One advantage of employing a mixed methods approach is our 
ability to explore concepts not captured by the quantitative data, such as social norms and 
attitudes towards technology.  
In the present study, we analyzed focus group interviews with low-income older adults to 
understand the context of mHealth acceptance and adoption for older adults.  It provided insight 
into the conditions under which older adults use mHealth (why) and barriers and facilitators to 
use (how). Findings advance our understanding of the mHealth landscape and can inform 
interventions tailored to support the needs of older adults.   
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METHODS 
We used the Senior Technology Acceptance and Adoption Model (STAM) to guide our 
analysis of facilitators and barriers to mHealth acceptance and how these factors influence 
mHealth adoption (Figure 4.1).  As the name suggests, STAM incorporates both acceptance and 
adoption constructs into the model.  Van Biljon and Renaud were interested in examining mobile 
phone acceptance in older adults.  The results of their qualitative study with 34 older adults 
asking about mobile phone use, a literature review, and examination of previous technology 
acceptance models, informed the development of STAM.  Using the Domestication of 
Technology framework as a backdrop, van Biljon and Renaud proposed associations between 
eight technology acceptance domains and divided them into different stages of adoption.   
Domestication of Technology was initially developed to explore the manner in which 
individuals adopt and use new media technologies such as the telephone and desktop computers 
in their households.40  It has since been expanded to include studies of how innovations are 
incorporated into larger consuming unit such as the workplace or within a country.41  
Domestication of Technology proposed four stages of technology adoption: Appropriation, 
Objectification, Incorporation, Conversion (Table 4.1).  This framework recognized that daily 
life is filled with a variety of complex set of routines, rituals, and decision rules.  Incorporating 
technology into daily life would therefore need to be understood within the context of daily life 
and how an individual relates to his/her surroundings while incorporating the technology.   
 
Domestication of Technology and Senior Technology Acceptance and Adoption Model 
In the appropriation stage, older adults are made aware of mHealth and trying to decide 
whether to take possession of the technology.  It is important to note whether an individual 
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chooses to take possession of the technology or the technology is “imposed” on the individual, 
which has been reported to influence technology acceptance in older adults.42  Although the van 
Biljon and Renaud did not explicitly include a domain to reflect this idea but discussed it as the 
antecedent to STAM, we added “initial acquisition” to the model to formally include it as a 
domain to describe the manner in which older adults’ acquire the technology or device.   
In the objectification phase, older adults are assessing the value of mHealth and mHealth 
use.  They are forming their “first impressions” of mHealth.  STAM domains can be mapped to 
the objectification phase to express the behavioral intent to use mHealth, which is influenced by 
user context, social influence, and perceived usefulness.   
User context refers to the demographic characteristics of older adults that might affect 
mHealth use, such as gender, place of residence, employment status, and education.  Social 
influence is defined as “the extent to which an individual perceives that important others (e.g., 
family and friends) believe he or she should use the new system.”43  This domain was added by 
Venkatesh et al to Unified Theory of Acceptance and Use of Technology (UTAUT) after the 
authors reviewed eight popular technology acceptance models and concluded the importance of 
including a construct to represent the effect of an individual’s perception of how s/he will be 
regarded by their social network as a result of adopting a technology.43  Van Biljon and Renaud 
also included social influence in STAM because older adults are reportedly more susceptible to 
social influences.44,45  Mallenius et al.32 and Lee et al.34 reported the opinion of children and 
grandchildren to have a significant impact on older adults’ decision to use mobile phones.32  In 
STAM, social influence is placed within the larger user context domain to represent the effect of 
demographic characteristics on social influence.  For instance, women are found to be more 
influenced by social network,43 and where an older adult resides (e.g., assisted living, rural area) 
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may affect his/her access to a social network.46  Research has shown social influence on 
technology acceptance is associated with behavioral intention to use technology in the health 
care context.47,48  
In his seminal publication discussing measurements to predict user acceptance of 
computers, Davis defined “perceived usefulness” as “the degree to which a person believes that 
using a particular system would enhance his/her job performance,”49  An individual’s perception 
of a technology’s usefulness is therefore hypothesized to influence acceptance and adoption of a 
technology because “[the] user believes in the existence of a positive use-performance 
relationship,”49  In the context of mHealth, studies looking at telehealth,50 apps for cardiac 
rehabilitation,48 and sensors in the home51 have reported higher perceived usefulness to be 
associated with higher intention to use mHealth in older adults.48,52 
There are differences in how younger and older adults view “perceived usefulness,”11,44  
Sonderegger et al. suggest that older adults would perceive the technology as useful if the 
technology is associated with effectiveness of completing a task, while younger adults would 
perceive the technology as useful if the technology is associated with efficiently completing a 
task.53  Barnard et al. found older adults to only accept a technology as “useful” when older 
adults are fully aware of the technology’s usefulness.29 
Together, user context, social influence, and perceived usefulness affect behavioral 
intention to use mHealth.  Davis found “perceived usefulness” to be the strongest predictor of an 
individual’s intention to use an information technology.49  Behavioral intention represents the 
individual’s intention and motivational factors that influence mHealth use behavior,54-56 and it 
has been shown to predict actual use of technology.48  For older adults, there is some evidence to 
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the contrary, where older adults have reported high intention to use but not the same level of 
adoption.57,58  
In the incorporation phase, older adults assess the compatibility of mHealth in their daily 
routines of life through experimentation and exploration.  This is influenced by facilitating 
factors, which affect one’s desire to experiment and explore mHealth, which may or may not 
lead to ease of learning and use of mHealth.  All of these factors affect whether the older adult 
reaches the “actual use” stage, in which the final decision is to consider the implications of 
continuous mHealth use.   
The domain “facilitating factors” is defined as “the extent to which an individual 
perceives that technical and organizational infrastructure required to use intended system are 
available.”43  One example is cost, which has been cited as an influential factor in technology 
adoption for older adults.30,32  Another example is technical assistance, which has shown to 
facilitate technology use in older adults.59  Facilitating factors are integral to the adoption 
process; an older adult will not progress beyond “intention to use” without the necessary 
facilitating factors. 
STAM included “experimentation and exploration” to represent the process in which 
older adults form their first impressions of mHealth and thus the opportunity to assess the effort 
it would take to learn something new.  This is informed by the individual’s learning 
preferences.29  Barnard et al. identified three common learning strategies: trial and error; step-by-
step instructions; and reading a manual.  The older adults who preferred step-by-step instructions 
were reported to be less inclined to experiment.  The authors reiterated the importance of access 
to support (i.e., facilitating condition) for older adults in the experimentation and exploration 
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phase.  In their study, participants who had access to regular support (e.g., grandson who lived 
nearby) were more willing to try new things.   
 “Ease of learning and use” refers to actual experience with the technology, upon 
experimentation and exploration, and is informed by the individual’s prior experience with 
learning new things and the individual’s perception of abilities.  It is different than the domain 
“perceived ease of use” prevalent in technology acceptance models, and is closely related to 
learning effort expectancy, or “the perception of the user of how difficult it will be to use, and to 
learn how to use the system.”29  Ziefle and Bay found the difficulty in learning to use a device is 
integral to an older adult’s decision to use the mobile phone.38  In this phase, older adults 
combine self-efficacy and hands-on experience gained during experimentation and exploration 
phase with learning effort expectancy to make a “mental calculation of their own ability versus 
the difficulty of a particular system.”29  Social influence is instrumental in affecting how some 
older adults may perceive their own abilities.  For instance, an older adult’s declaration that he is 
“too old to learn” may be an internal assessment of abilities, but it could also originate from his 
environment.    
Although the authors made the distinction between “perceived usefulness” and 
“confirmed usefulness,” it is unclear why van Biljon and Renaud proposed “confirmed 
usefulness” as a separate domain in STAM.  We were unable to find literature support for the 
domain associated with the role it plays in the older adult technology acceptance and adoption 
process.  Hence, we excluded the domain from our analysis. 
As previously discussed, “actual use” is influenced by “facilitating conditions,” 
“perceived usefulness,” and “ease of learning and use.”  Actual use occurs if the progression 
through the different phases was not disrupted by poor experimentation and exploration 
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experience, lack of ease of learning and use, or lack of facilitating conditions.  This highlights 
the significant influence “ease of learning and use” has on actual use;60 in fact, this association is 
even stronger for older adults.17  When the older adult has a positive exploration and 
experimentation experience, it leads to ease of learning and use, and thus the older adult will use 
mHealth (i.e., acceptance), or vice versa, a negative exploration and experimentation experience 
affects ease of learning and use, which does not lead to actual use (i.e., non-acceptance).   
In the conversion phase, older adults assess how the adoption of mHealth will impact 
their relationship with their family, friends, and the world around them.  Adoption or rejection is 
influenced by actual use and ease of learning and use.  This is particularly important for older 
adults because actual use does not always lead to adoption.61  Actual use can be inhibited by poor 
ease of learning and use, which would impede mHealth acceptance, thus unlikely for older adult 
to adopt mHealth.     
 
Procedures 
As part of an Aetna Foundation-sponsored study on mobile technology use in vulnerable 
populations, semi-structured face-to-face focus group interviews were conducted with low-
income adults living in Miami, FL, Louisville, KY, and South Bronx, NY.  Participants were 
recruited by local social service agencies providing services to low-income adults through 
personal invitations, email invitations, and flyers posted in the local sites.  Recruitment materials 
invited participants to attend a focus group to share their opinions about digital health 
technologies and current health-related technology use.  Eligibility criteria were at least 18 years 
old and residing in one of three communities in the study. We obtained Institutional Review 
Board approval from University of California, Los Angeles.   
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Researchers from Public Health Institute (PHI) conceptualized the study, designed the 
research protocol, formulated partnerships with local organizations to recruit participants, and 
facilitated the focus groups.  The PHI research team comprised of Andrew Broderick and Valerie 
Steinmetz, both seasoned researchers with extensive experience working on projects looking at 
the application of technology-enabled solutions to improve health and well-being of vulnerable 
populations. Their previous experiences informed the creation of the discussion guide and 
surveys, and the approach to facilitating the focus groups.  
Before convening the focus groups, interviews were conducted with key informants at 
organizations working directly with vulnerable populations in each community to better inform 
the design of the focus groups. The team also reviewed discussion guides from similar projects 
looking at mHealth use.  The focus group research protocol and survey instruments were piloted 
with Bay Area populations prior to deployment in the field.62 
Thirty-five focus group sessions took place between May and July 2016.   They were 
convened for approximately 90 minutes, with between 10 to 12 participants per group.  Informed 
consent was obtained before the start of each focus group session.  Each session was audio-
recorded with a digital recorder and transcribed by a professional transcription service.   
Each participant was presented with a 22-item pre-focus group survey (Appendix II) and 
digital health literacy assessment before the start of the focus group (Appendix III). The eHealth 
Literacy Scale (eHEALS), a validated instrument developed by Norman and Skinner, measures 
respondents’ “combined knowledge, comfort, and perceived skills at finding, evaluating, and 
applying electronic health information to health problems.”63  
The PHI team facilitated each of the focus group with a semi-structured discussion guide, 
which included questions about 1) types of activities completed with smartphone, 2) online 
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health-related activities, 3) other digital technology use, and 4) future health technology use.  
Sample questions include (See Appendix V for full discussion guide): 
• What are three features or functions of cell phones that you use most often? 
• For those of you who have not gone online for certain health-related activities, is there 
anything that is preventing or holding you back from doing so? 
• How can technologies supporting your health and well-being be made more attractive to you 
in wanting to use them on a regular basis? 
• What changes would you like to see in the way you connect with providers? 
Each focus group started with an initial ice breaker asking participants to share their 
favorite personal digital technology.  The group then began the first discussion topic of how 
participants used technology and what they used it for, focusing mainly on smartphone-related 
activities.  The discussion continued with the digital technologies participants used to support 
their health management, and participants were asked to share their thoughts on issues like how 
they use mHealth, what they liked about using mHealth, and why they might not use mHealth.  
The focus group closed with a discussion of how participants hoped to use technology to 
maintain and manage their health and their family’s health in the future. 
 
Analysis 
The present study focuses on data from four of the groups comprised of older adults ages 
55 and over for this study. These four focus groups ranged from 4 to 13 participants each, with a 
total of 35 participants.  Three groups were conducted in Louisville and one in South Bronx.  No 
focus groups with older adults were convened in Miami.   
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Focus group data were transcribed verbatim by a professional transcription service and 
imported into qualitative data analysis software program ATLAS.ti version 7.5.64  Transcripts 
were analyzed in ATLAS.ti using a deductive-inductive approach.65  The deductive coding 
scheme was derived from STAM (Figure 4.1) and Domestication of Technology, while the 
inductive process allowed for themes to emerge from the data while analysis is underway.  For 
deductive coding, the first author developed the codebook informed by domains from STAM and 
Domestication of Technology and in consultation with the researchers who conducted the focus 
group interviews.  Inductive codes emerged from a more detailed read of the transcripts.  Table 
4.2 presents a list of codes and definitions.  We used the Consolidated Criteria for Reporting 
Qualitative Research (COREQ) to guide our reporting of this work (Appendix VII).  This list of 
32 items is intended to “help researchers to report important aspects of the research team, study 
methods, context of the study, findings, analysis and interpretations.”66  The list includes items 
such as sampling method, method of recording data, and clarity of major themes. 
 
RESULTS 
 Thirty-five older adults ages 55 and over participated in four focus groups (Table 4.3).  
Two-thirds of the sample were female.  All participants had at least a high school diploma or 
GED, with a majority of participants reported having some college, associate’s degree, or trade 
school as highest level of education completed.  A majority of the participants reported to be 
divorced/separated/widowed, black, and in at least good health status.  Sixty-eight percent of the 
sample reported not owning a smartphone, compared to 36.65% in the full sample.  The sample’s 
mean eHEALS score, which assesses digital health literacy, was 23.95, which is almost 5 points 
lower than the mean score from the full sample.  
103 
 
Focus group participants provided details about the types of devices they owned and 
used.  A few of the respondents mentioned owning tablets (“I received an iPad for Christmas”) 
and laptops.  Several respondents referred to an actual mHealth device (e.g., Bluetooth-enabled 
glucometer, Bluetooth-enabled blood pressure cuff), but in general, discussion of using 
technology for health-related reasons revolved around mostly smartphone use and searching for 
information online.  One respondent specifically mentioned a health app, and several indicated 
they used the local library’s computers to search for health-related information online.  Of the 35 
older adults in the present study, 45.7% (n=16) of the respondents reported no participation in 
any of the ten mHealth activities. 
We present results below using stages of Domestication of Technology to highlight the 
importance of examining mHealth acceptance and adoption as a process.  This framework 
recognizes that daily life is filled with a variety of complex sets of routines, rituals, and decision 
rules.  Incorporating technology into daily life would therefore need to be understood within the 
context of daily life and how an individual relates to his/her surroundings while incorporating the 
technology.  STAM domains were mapped to each Domestication of Technology stage to 
provide additional context to the analysis.   
 
Appropriation 
All four focus groups had older adults who indicated that they had received their mobile 
devices from an external source, usually from family members.  There were a few examples of 
users going to a store to inquire about phones, but these were for replacement smartphones, 
either after breaking it (“I left it in my pocket and sat on it”) or as an upgrade from existing 
phone.  Several respondents shared during a focus group that their phone was an “Obamaphone”, 
meaning they had received it as part of a government program providing low-income adults with 
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phones.67  It is unclear from the focus groups transcripts how much choice of phones or phone 
plans recipients had.  Several respondents indicated they had received Bluetooth-enable devices 
from their provider’s office. 
Objectification 
Respondents shared their process and thoughts on how they tried to determine whether 
mHealth had a place in their lives.  Several of the respondents mentioned they have started using 
text messaging function on their phones because their children asked them to.  Others said they 
used Facebook because their family members were on the social media platform.  We saw social 
influence played a role in respondents’ use of technology, but it was unclear the extent to which 
social influence was a factor in mHealth use.  However, during one of the focus groups, one 
respondent mentioned her interest in trying out the patient portal after another respondent had 
described the advantages of using the portal earlier in the session.  “She was so happy with it…I 
think, “Well, maybe I better, I’m missing something here.”  In this example, social influence 
affected this respondent’s perception of the patient portal’s usefulness, which led to her intention 
to use the patient portal. 
 We found several instances of respondents discussing the perceived usefulness of 
technology for health-related purposes.  Some already participated in mHealth activities so they 
clearly perceived mHealth to be useful.  For those who were not current mHealth users, we found 
one group of older adults had considered mHealth to be useful but did not feel they were 
equipped to use the devices.  The other group expressed skepticism that mHealth would be the 
better alternative to their current practices.  For this second group, low perceived usefulness 
generally did not lead to intention to use.  One respondent declared that video chat “doesn’t 
work” and therefore would “never agree” to use that mode of communication with his provider.   
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“I'd like to deal with real people next to me, not pictures…Because it doesn't work if 
you're not around a real person who can identify with you, communicate with you in 
person, you're only talking to a machine with a picture in it…I will never agree to that.“   
 
A female respondent was asked about text reminders, and she succinctly replied, “I want 
to use my brain to remember these things.”  In other words, she had no intention of using text 
reminders, and she thought she could accomplish the same task without the need for technology.  
Because this respondent did not perceive text reminders to be useful to her, there was no 
intention to use, thus we can reasonably assume that use of text reminders did not occur.  
When an older adult does not perceive mHealth to be useful, which does not result in 
intention to use, the technology acceptance process ends.  Lack of perceived usefulness is one of 
the first stall points for acceptance and adoption of mHealth for older adults.   
 
Incorporation 
 Respondents discussed whether mHealth became part of their everyday life, which was 
affected by facilitating factors like cost, their desire to explore and experiment with mHealth, and 
whether experimenting with mHealth led to ease of learning and use.  A recurring theme was the 
older adults’ financial vulnerability, which extends to the affordability of a cellphone or 
smartphone, data plan, or apps.  When asked about the affordability of owning a smartphone, 
respondents in three of the four focus groups expressed the prohibitive nature of the cost of 
owning a smartphone was a barrier to technology use and by extension, mHealth use.  One of the 
respondents explained that she had been using an application for brain health but discontinued it 
due to cost; she wanted “something for free.” There is perceived usefulness of the app, but cost 
as the facilitating condition had more influence on her choice of app.   
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The data suggest that even when there is intention to use, without the skills to experiment 
and explore, older adults may be less likely to use technology, much less mHealth.  One 
respondent expressed his intention to use a Bluetooth-enabled glucometer that would transmit his 
data directly to his provider, but while he is willing to experiment and explore at the library, he 
did not have the ability to use the glucometer.   
“My sugar level goes straight to the, to the VA hospital … I can't plug into their computer 
system.  I don't know how. I could go to the library or anything, if I knew.” 
 
For this older adult, there was intention to use, but this individual did not have the skillset to 
experiment and explore due to lack of facilitating condition (i.e., technical support), thus ending 
the adoption process without moving further to actual use. 
Some older adults have attempted to bridge this “skill” gap by asking for help.  However, 
when they are not successful in finding help, some respondents expressed reluctance to request 
assistance repeatedly, often due to frustration or embarrassment.   
Respondent 1: You know, it's- it's really hard when- when kids know more than you do. You 
know, and I don't know if anybody else has this experience, but you know, you try to ask 
them, it's like, "Argh ..." [crosstalk 00:05:25]. "... I don't want to take the time to explain this 
to you." You know? So, you just don't ask.  And you do the best you can. 
Respondent 2: He's so accurate. 
 
These examples of respondents expressing concerns about cost of owning or using 
mHealth and the lack of technical support suggest a large effect facilitating conditions have on 
older adults’ decision to adopt mHealth.  Despite a high level of perceived usefulness and 
intention to use, the lack of facilitating conditions was a barrier to experimentation and 
exploration, thus not leading to actual mHealth use. 
The majority of the discussions surrounding experimentation and exploration revolved 
around cellphone or smartphone use with older adults.  There were a few comments about laptop 
and tablets, but most of the respondents focused on features of the smartphone and how they see 
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smartphone use can be incorporated into their lives.  General comments related to technology use 
were not specifically about mHealth.  This was an expected finding since most older adults 
remain in a stage of “limited use”36,37 and often use fewer features than their younger 
counterparts.38  Older adults who are struggling with the basic features of their smartphone will 
likely avoid incorporating additional mHealth features or experience difficulty in their attempt 
to, thereby never reaching “ease of learning and use” phase.  Perhaps one point of intervention is 
to help older adults become more familiar with their devices so that they can incorporate more 
advanced functions and consider using technology for health-related purposes. 
For those who moved beyond experimentation and exploration into ease of learning and 
use, we found mainly examples of successful searches for health-related information.  One 
respondent mentioned going online to research and compare options for health insurance because 
his employer’s option was too expensive.  Another respondent discussed looking up her surgeries 
on Google and Bing, and that “Bing gives better answers.” A third respondent shared with the 
group that he evaluated the trustworthiness of the source of information found online by going to 
different sites and if “two or three of them are saying the same thing” then he can trust the 
information.  These respondents exhibited high digital health literacy proficiency because they 
have “the ability to seek, find, understand, and appraise health information from electronic 
sources and apply the knowledge gained to addressing or solving a health problem.”63  These 
examples of respondents reporting ease of learning and use echo findings in other studies that 
ease of learning and use is predictive of actual use.   
Privacy and security concerns related to mHealth use were prevalent in all focus groups.  
One respondent mentioned he was inundated with information as a result of searching for 
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information on health insurance.  It was clear from the discussion that he was unsure of how to 
evaluate the quality of the information provided to help him make a decision. 
Respondent: I go online to try to find health insurance that- that's affordable. Under the 
Affordable Care Act for Obama. But I probably get 10 to 15 phone calls a day, the numbers I 
don't even recognize. I've got all these agents calling me. It's real confusing as to what the 
best one is. So, I'm having trouble trying to decide which, you know, plan to go with. 
Facilitator: Yeah. So- so when you went online, you filled out the form with all your personal 
information and now you start getting all these phone calls- 
Respondent: Flooded. 
 
In addition to information overload, he was “flooded” by phone calls from numbers he didn’t 
recognize.  This prompted another respondent to relay his experience with getting phones calls 
after searching for information online 
“… you get all these different phone calls, we see you were searching for information on this, 
that and the other and then all day I’m like, dismiss, dismiss, dismiss.” 
 
When asked about her experience searching for health-related information online, one 
respondent expressed her fear of going online because she is constantly asked to verify her 
identity when accessing the internet from public connections.   
“I have to go to the library, so to do more research, it sets off alarms and systems, because 
somebody is using my passwords. It's me. But it sets off a chain of reaction … I'm all day 
saying, "It's me." I- I can't get what I need to do because I'm saying, "It's me." I'm doing my 
own password, but I'm somewhere else ... It sets off a whole chain reaction. I'm like, well, 
I'm scared to do anything else. I don't want to ... thank you, but no thank you.” 
 
One respondent expressed frustration and concern that her medical information was shared with 
another party before she provided consent to share the information.  She attended a hypertension 
class at the local social service agency and was presented with a blood pressure cuff.  When she 
saw that her blood pressure readings had been transmitted to another system the class organizers 
had access to, she was very concerned since she did not consent to share the information. 
Respondent:  They had a class here ... the hypertension class. And uh, they had my 
information before gave them my information.  So, I was alarmed and said, "How the hell 
did you get it?” … The answer was that they were allowed to get the basics.  
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Facilitator:  Well they probably got it from your medical records. 
Respondent:  Y- yes, but they're not supposed to get my med- medical records before my 
consent … But so, that was a big question. I know you gave me a nice, uh, blood pressure 
cuff, but how did you get my information? And it was already in the computer. So, I wanted 
to know, you know, the computer has got more- more power than we're ta-, you know, than 
we're giving it. 
 
Privacy and information security issues appeared to be relevant to an older adult’s acceptance 
and adoption of mHealth because negative experiences, whether they be perceived privacy 
violations or cumbersome security procedures, will affect the older adult’s decision to adopt or 
reject mHealth ultimately. 
 
Conversion 
We found evidence of “partial” adoption of mHealth in the present study.  One 
respondent explained that she used her phone to track the amount of time used to walk a 
predetermined distance.  When asked for the name of the app used to track this, the respondent 
said, “I just go to the clock,” which was surprising to the group because there are actual apps 
available for this very purpose.  The respondent explained she is more interested in the time it 
takes to cover the pre-determined distance (as opposed to counting steps or distance).  She 
essentially repurposed an existing function on her phone and applied it to a health-related 
function. 
Respondent: I think I'm still using my cellphone because it can keep count of the walking and 
everything. Like, say like if I want to do 5K, I want to do this 5K in less than 20 minutes.  So, 
I put down the 20 minutes, and that's what I use to keep count of my goal and everything. 
Facilitator: So, you use on your smartphone, an app that tracks how far you walk ... and 
what time you do it in. Okay, and that helps you- 
Respondent: And that helps me out a lot. 
Facilitator: Okay, good, and what- what's the name of the app that you use for that? 
Respondent: I just go to the clock. It's got the clock in there. 
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We also found older adults who had adopted general technology but rejected mHealth.  
One example was a respondent who had fully adopted the cell phone as a device to make calls 
with but had rejected the idea of using the device for another reason.  This can be traced back to 
lack of perceived usefulness of mHealth, and despite current technology use, the respondent had 
no intention to use mHealth and ultimately no actual mHealth use.  It demonstrates that the 
relationship between current technology use and mHealth use may be tenuous, such that 
interventions should not solely depend on the older adults’ acceptance of general technology use, 
assuming acceptance of general technology use would be the gateway to mHealth use.  
Respondent: Me, I'm not a technological person. I don't care a thing about the modern 
technology. Except, I've learned to value my cell phone. 
Facilitator: Okay. Okay, but the cell phone would be your favorite, most useful technology? 
Respondent: No, not ... Well yes, it's the one I use, you know, they are two different things. I 
only use cell phone as cell phones. I don't care about any of the other things they do. I only 
use it as a telephone.  That's like I say, I'm not a tech person. 
 
Conversely, another respondent expressed ambivalence about having a smartphone but 
felt it was a necessity, which influenced his intention to use his smartphone for health-related 
reasons: 
“I've never got anywhere near 250 minutes on a phone. I'm not a phone person really, 
but I do have to have to have it. You know, like I say, for my appointments and everything 
like that, medically.” 
 
DISCUSSION 
Findings from this qualitative study revealed that “perceived usefulness” and “facilitating 
conditions” were influential factors in determining intention to use mHealth and actual mHealth 
use, respectively, in older adults.  Older adults assessed mHealth’s usefulness in the context of 
the bigger question of how they fit in an increasingly digitized world.  This speaks more broadly 
to how older adults may feel about their place in society and their struggle to remain connected 
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to people and things they care about.  Facilitating conditions, such as cost or technical assistance, 
play a large role in determining mHealth use in older adults.  Cost is particularly prohibitive 
because most older adults are on a limited income.   
Our analysis provided insights to the barriers or “stall points” in the mHealth acceptance-
adoption continuum.  It is vital for programs designed to increase mHealth use to recognize there 
are differences between older adults who stall at “facilitating conditions” (i.e., resource or 
ability-related reasons) and those who do not proceed beyond “intention to use” (i.e., refusal or 
rejection of mHealth).  If it is a case of ability, or “cannot”, then education, cost reduction, or 
redesign of technology may facilitate progression towards full adoption.  However, if it is a 
refusal, or “will not”, then the intervention should incorporate understanding what the user 
values and how mHealth could help meet their needs.  For older adults with low intentions, 
improving access (e.g.,, providing free device) may not lead to increased use.  This all comes 
with the caveat that the goal should not be to convince older adults to use mHealth or use more 
mHealth for the sake of using mHealth, but to understand the conditions in which older adults 
would want to use mHealth and provide the necessary support to facilitate use. 
STAM, informed by Domestication of Technology, provided a framework to guide our 
analysis.  Our analysis model was deductive-inductive, with STAM providing an initial set of 
codes, presented in Table 4.2.  In analyzing the data, several additional themes emerged, which 
expanded the original STAM domains to more accurately portray the older adult mHealth use 
experience.  Some of these themes better defined the STAM domain to reflect the older adult 
mHealth use experience, while others added another dimension to the definition of the domain.  
For instance, in addition to cost, we added “education/experience”, “familiarity with 
technology”, and “assistance with mHealth” to better define the domain “facilitating conditions.” 
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Another example is including “search-related activities”, “engagement-related activities”, and 
“privacy concerns” to provide additional dimensions of the “actual use” domain to reflect the 
mHealth use context.  STAM, and the expansion of this framework that emerged in our study, 
challenged some of the posited relationships in existing technology models not specific to older 
adults.  One such assumption is that possessing a device will lead to intention to use the device.  
This is not usually a point of contention when examining non-older adult samples, as most 
technology acceptance models begin with that very assumption: If someone has access to a 
device or technology, the use it.  This was not the case with older adults, as owning a device did 
not always lead to intention to use mHealth.  An extension of this is the assumption that current 
technology use (e.g., smartphone) is associated with mHealth use.  Several older adults shared 
that they currently used their phones for non-health-related purposes, but did not use their phones 
to access for health-related purposes.  This “partial” adoption of technology was prevalent in the 
present study, confirming the idea that many older adults remain in a “limited use” stage. 
In terms of the association between intention to use and actual use, popular technology 
acceptance models proposed a strong association between intention to use and actual use.  Our 
findings revealed this is not the case for older adults, which underscores the importance of 
applying appropriate technology acceptance and adoption models to accommodate the older 
adult context when studying older adult technology use.  Even with the intention to use, older 
adults only progressed to actual use (through ease of learning and use) with the right facilitating 
conditions and a positive experimentation and exploration experience.    
One of the limitations of this study is the small sample of low-income older adults, drawn 
from Louisville, KY and South Bronx, NY, which does not allow us to generalize findings to 
other older adults.  Because the unit of analysis is the focus group, we were unable to take 
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advantage of additional data from older adults who were part of the full sample but not part of an 
“older adult” session.  In addition, researchers who conceptualized the initial study and collected 
the data determined the older adult group to include adults ages 55 and over.  There is ongoing 
debate about the classification of the “older adult”, but we would have chosen to start the older 
adult group at age 65.  Since the conventional retirement age is 65 in the US, many adults ages 
55 to 64 may still be employed and therefore likely more exposed to technology at work and 
have non-Medicare health insurance.  Both of these factors make adults ages 55 to 64 quite 
different from adults ages 65 and over.  However, the grouping was set before we received the 
data.  Our sample also comprised of mainly women, which may have biased the conversation 
towards mHealth use because women are more likely to use mHealth.68 Although the topic of 
interest was about all types of mHealth platforms and devices, the discussions mainly centered 
around smartphone-related use.  However, this was likely inconsequential because it seemed the 
majority of respondents did not have exposure to other mobile technology, with the exception of 
the few who mentioned Bluetooth-enabled glucometer or blood pressure cuff.  The data was 
coded by one reviewer, which ensured consistency in the analysis, but having at least another 
coder’s perspective would have further enriched the interpretation of the data.   
For older adults and mHealth use, context matters.  We conducted a qualitative study 
with focus group data and provided insight into the drivers of mHealth use and conditions in 
which incorporating technology use for health-related purposes could be beneficial for some 
older adults.  It was clear from the present study that there is no simple answer to why and how 
older adults use or don’t use mHealth.  As the population of older adults in this country continues 
to rise and individuals are living longer but with more chronic conditions, more tools and 
assistance is needed to support older adults and their caregivers.  mHealth tools present options 
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for meeting some of these needs, but more research is needed to understand the effectiveness of 
mHealth and under what conditions mHealth could be beneficial.   
Research suggests there is a “grey divide” within the older adults population.69-71   This 
divide refers to the gap in technology use within the older adults sector, despite the assumption 
that this is a homogenous audience.  In a group of 35 older adults, we found a few who did not 
use mHealth (or any technology), some who were interested in use of mHealth but didn’t know 
how to proceed, others who have limited experience with mHealth but are stumped by more 
advanced features of the technology, and a few regular mHealth users who wanted to more fully 
integrate mHealth into daily life.  This mirrors the wide variation in mHealth use within 
vulnerable populations, and highlights the importance of not assuming vulnerable populations 
are a homogeneous group, even though groups within vulnerable populations may share 
similarities in access to resources or experience similar health disparities.  We therefore need to 
be mindful of the facilitating conditions and user context that goes beyond age-related limitations 
when tailoring interventions to support mHealth use for individuals in populations of all age 
groups. 
Feeling excluded from an increasingly digitized world was a sentiment echoed by older 
adults who were not current mHealth users.  Several older adults exclaimed the fear of “being 
left behind.”  This sentiment likely extends beyond the older adult groups to other vulnerable 
populations who are also having difficulties using mHealth.  What is alarming was that some 
older adults were resigned to the eventuality of being excluded and felt helpless while 
experiencing isolation.  This highlights the need to be more thoughtful when integrating 
technology into health care and the manner in which the health system engages with patients.  It 
is important to recognize the conditions under which it would be appropriate to engage with 
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individuals with mHealth tools, and qualitative studies like this study provide insight into what 
those conditions might be.   The motivations and incentives for using technology for health-
related purposes can be very different from using technology for any other purposes, because 
sometimes, it is the difference between life and death.  Particularly for vulnerable populations, 
understanding how they assess the value of mHealth, and what facilitating conditions they need 
when they want to use mHealth are important to ensure mHealth does not exacerbate existing 
health disparities. 
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Tables and Figures 
 
 
Table 4.1.  Domestication of Technology – Description of Stages 
Dimension Description 
Appropriation Process of possession or ownership of the artifact. 
Objectification Process of determining roles product will play 
Incorporation Process of interacting with a product  
Conversion Process of converting technology to intended feature use or interaction 
Adapted from Silverstone, R., & Haddon, L. (1996)40 
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Table 4.2.  Table of Codes 
Phase and Themes Definition Example 
Appropriation     
  Initial acquisition   
    Acquisition* Manner in which individual came 
to own mHealth device 
“My daughter gave me her old 
phone when she upgraded to the 
newest iPhone” 
Objectification     
  Social influence    
    Family and peers An individual’s perception that 
most people who are important to 
him or her think he or she should 
or should not use mHealth 
One respondent mentioned her 
interest in trying out the patient 
portal after another respondent 
had described the advantages of 
using the portal earlier in the 
session. 
  Other user context    
    Demographics Demographic characteristics such 
as age, place of residence, health 
status, relationship status 
One respondent mentioned she 
also signed up to use patient 
portal because she was setting up 
her husband’s account 
    Attitude about using 
technology* 
An individual’s perception about 
using technology in general 
“I cannot live without my phone”  
    Self-efficacy* An individual’s perception about 
his or her ability to successfully 
use technology 
“So, if you grew up with it, you 
understand it. Technology is 
going much too fast for me.” 
  Perceived usefulness    
    Attitude about 
usefulness of mHealth  
The extent to which a person 
believes that using mHealth with 
enhance his or her performance in 
daily tasks 
“you're only talking to a machine 
with a picture in it…I will never 
agree to that”  
  Intention to use    
    Ability-related reasons 
to indicate intention to 
use mHealth* 
Ability-related reasons for 
intention to use or not use 
mHealth 
One respondent mentioned not 
knowing how to hang up the 
phone so he won’t be using 
advanced features like going 
online with his phone 
    Other reasons to 
indicate intention to 
use mHealth* 
Non-ability related reasons to 
explain intention to use or not use 
mHealth 
Several respondents mentioned 
not wanting to be “left behind” 
Incorporation     
  Facilitating conditions    
    Cost Cost of using mHealth (i.e., 
device, application, data plan for 
smartphone) 
“…on a limited income so I look 
for free apps” 
    Education/experience* Gained knowledge or experience 
with mHealth (or lack of 
knowledge or experience with 
mHealth) 
One respondent did not know 
how to use the Bluetooth enabled 
glucometer given to him by the 
VA 
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    Familiarity with 
technology* 
Prior experience with 
technology 
I use my tablet regularly  
    Assistance with 
mHealth* 
Obtained assistance with using 
mHealth (i.e., device, 
application) 
“you try to ask them, it's like, "Argh... 
I don't want to take the time to explain 
this to you." You know? So, you just 
don't ask. 
  Experimentation and Exploration   
    Experimentation/ 
exploration 
First impressions of mHealth “It gives me a beep and I don’t know 
what the beep means, and then it’s 
saying that I got apps that’s constantly 
running” 
    Prior experience with 
mHealth* 
Experienced or inexperienced 
mHealth user  
“I found out with the computer that it 
all depends on what you put in that 
search” 
  Ease of use    
    Perception of 
complexity  
Extent to which an individual 
believes that using mHealth 
will be free of effort 
One respondent had gone online to 
research and compare options for 
health insurance because his 
employer’s option was too expensive 
    Higher level of digital 
health literacy (based 
on search-related 
activities)* 
An individual’s ability to seek, 
find, understand, and appraise 
health information from 
electronic sources and apply the 
knowledge gained to addressing 
or solving a health problem 
One respondent evaluated 
trustworthiness of the source of 
information found online by going to 
different sites and if “two or three of 
them are saying the same thing” then 
he can trust the information. 
  Actual use An individual’s actual mHealth 
use 
 
    Current use of 
mHealth 
How an individual uses 
mHealth 
Using the voice activated feature of her 
smartphone to search for information 
because the keyboard is small  
    Search-related 
activities* 
How an individual searches for 
information online 
One respondent reported looking up 
her surgeries on two different search 
engines, Google and Bing  
    Engagement-related 
activities* 
How an individual uses 
mHealth for non-search 
purposes 
One respondent mentioned using an 
app for brain health 
    Privacy concerns* Individual’s perception of 
online privacy or security 
concerns related to mHealth use 
“… you get all these different phone 
calls, we see you were searching for 
information on this, that and the other 
and then all day I’m like, dismiss, 
dismiss, dismiss.”  
Conversion     
  Acceptance/rejection    
    Adoption Repeated mHealth use Repurposing current clock function of 
a smartphone to track the amount of 
time used to walk a pre-determined 
distance 
    Rejection Non-adoption of mHealth I will use my brain to remember 
appointments 
* Inductive themes 
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Table 4.3.  Participant Characteristics (older adults, n=35; other participants, n=281) 
  Older adults in 
4 focus groups  
(n, %) 
Other 
participants  
(n, %) 
Location Miami, FL 0 43 (15.3) 
 Louisville, KY  26 (74.3) 113 (40.2) 
 South Bronx, NY 9 (25.7) 124 (44.1) 
Gender Female 23 (65.7) 186 (66.2) 
 Male 12 (34.3) 94 (33.5) 
Education Less than high school diploma 0 15 (5.3) 
 High school diploma/GED 12 (35.3) 72 (25.6) 
 Some college/AA/trade school 20 (58.8) 99 (35.2) 
 BA or higher 2 (5.9) 39 (13.9) 
Relationship Single not married 10 (28.6) 138 (49.1) 
status Married/ living with partner 5 (14.3) 79 (28.1) 
 Divorced/Separated/Widowed 20 (57.2) 63 (22.4) 
Race/Ethnicity Black 18 (51.43) 157 (55.9) 
 White 11 (31.43) 43 (15.3) 
 Hispanic 2 (5.71) 56 (20.0) 
 Asian 0 (0.00) 11 (3.9) 
 Mixed/Other 4 (11.43) 14 (5.0) 
Employment Employed 5 (27.78) 76 (27.0) 
 Not employed 1 (5.56) 80 (28.4) 
 Retired 2 (11.11) 17 (6.0) 
 Other (homemaker, student, unable to work) 10 (55.56) 103 (36.7) 
Health insurance  Public (Medicaid, Medicare, dual, VA) 16 (72.72) 208 (74.0) 
type Private 5 (22.73) 20 (7.1) 
 No insurance/Other 1 (4.55) 53 (18.9) 
Self-reported  Excellent / very good / good 19 (54.29) 208 (74.0) 
health status Fair / poor 16 (45.71) 73 (26.0) 
Smartphone  Own smartphone 11 (31.43) 178 (63.3) 
ownership Does not own smartphone 24 (68.57) 103 (36.7) 
Number of  0 16 (45.7) 55 (19.6) 
mHealth  1-3 13 (37.1) 86 (30.6) 
activities 4-6 5 (14.3) 77 (27.4) 
 7-9 1 (2.9) 46 (16.4) 
 10 0 (0.0) 17 (6.0) 
Digital health 
literacy 
eHEALS score, mean (SD) 23.95 (7.09) 28.68 (6.96) 
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Table 4.4. Rate of mHealth Use for Older Adults in Focus Groups (n=35) 
 n (%) 
Searched online for information on a health-related concern  13 (37.1) 
Asked a health-related question or shared a personal health-related experience 
online  
7 (20.0) 
Signed up to receive email updates or alerts about health or medical issues  5 (14.3) 
Viewed someone’s story on health or medical issues  4 (11.4) 
Gone online to find others who might have health concerns similar to mine  0 (0.0) 
Downloaded forms online or applied for health insurance online  3 (8.6) 
Downloaded or used a health-related app  8 (22.9) 
Ordered medications online  1 (2.9) 
Scheduled appointments with doctors  4 (11.4) 
Researched doctors or health facilities online  6 (17.1) 
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Figure 4.1. Senior Technology Acceptance and Adoption Model (STAM) 
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CHAPTER 5. DISCUSSION 
 
Evidence from studies using nationally representative samples suggest younger, more 
education, female, and more affluent individuals use mHealth.1-4 Vulnerable populations may 
encounter barriers to mHealth use, such as access to mHealth or lack the skillset to use mHealth.  
Understanding the drivers of use and barriers to non-use can inform strategies designed to 
increase mHealth use among vulnerable populations.  Our focus on vulnerable populations 
contributes an understudied perspective from communities who may be able to benefit most from 
using mHealth.  
 
SUMMARY OF FINDINGS 
Sociodemographic correlates of mHealth use. The main purpose of this study was to 
understand the relationship between sociodemographic characteristics and mHealth use in 
vulnerable populations.  Unlike previously reported findings from studies using population-based 
samples, we did not find evidence of a gap in mHealth use by gender or by race/ethnicity.  There 
was some evidence more education was associated with more mHealth use, but the most 
significant and consistent correlate of mHealth use was age. For each of the ten mHealth 
activities in the survey, being younger was associated with at least two-fold increase in odds of 
participation.  We also reported that the odds of participation are higher for the youngest (ages 
18-34) and most educated (college graduate or more) groups, compared to the ages 35-64 group 
and some college group, respectively.   
Role of digital health literacy. Our analysis examined digital health literacy as a 
modifiable factor related to mHealth use, which contributes knowledge about a potential 
pathway for intervention.  We used structural equation modeling (SEM) to estimate direct effects 
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of sociodemographic characteristics on mHealth use, and indirect effects through digital health 
literacy.  We found younger age to be associated with more participation in search-related 
activities, which confirms findings from prior research. We also found age to have an indirect 
effect on mHealth use through digital health literacy, and that age and education were associated 
with participation in engagement-related activities through search and digital health literacy.  
Our finding diverges from findings in studies using population-based samples—our study 
revealed an indirect effect through digital health literacy and search, while it was a direct effect 
in population-based studies.  This suggests sociodemographic characteristics affect mHealth use 
in vulnerable populations differently, compared to population-based studies.  It also underscores 
the importance of uncovering other intervening variables to better understand the effect of a 
combination of variables together on mHealth use in vulnerable populations.  
Differential effects of digital health literacy. Digital health literacy was shown to have 
differential effects on search and on engagement.  Our study showed higher digital health 
literacy is associated with higher search-related mHealth use.  But the effect of digital health 
literacy on engagement is only detected through search.  In other words, higher digital health 
literacy is associated with participating in more engagement-related activities through search, 
which further reinforces the notion that more intense participation in search-related activities 
leads to participation in engagement-related activities.  This finding suggests that eHEALS is a 
valid instrument to assess digital health literacy for health-related information search behavior, 
but may not be useful beyond this purpose.  In the era of Web 2.0, effective assessment tools are 
necessary to help researchers and developers understand user needs.  mHealth is only useful if 
the intended audience has the capability to use mHealth well. 
Types of mHealth use. Factor analysis indicated that various types of mHealth use 
should be differentiated, with search and engagement emerging in this analysis.  The first factor, 
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“search”, was comprised of four items: Searched online for information, asked a health-related 
question, viewed someone’s story, and gone online to find others who might have health concern 
similar to mine.  The second factor, “engage”, was comprised of three items: Signed up to 
receive email updates, downloaded forms online, and ordered medications online. Exploratory 
analysis suggests that the level of participation in search-related activities generally was the same 
or higher than the level of participation in engagement-related activities.  Therefore we posit that 
“search” preceded “engage”, and tested this relationship in the SEM model.   We found evidence 
that participating in search activities is associated with participating in engagement activities, 
which suggests familiarity or comfort with “search” could lead to “engage”. Additional studies 
with a larger sample would be needed to confirm this finding, but if this finding is confirmed, 
strategies designed to increase engagement-related activities might be more effective if elements 
to increase comfort with and facility of search-related activities are also part of the intervention.   
Factors influencing mHealth use among older adults. This study utilized a mixed 
methods approach, which in addition to the quantitative representations of mHealth use, the 
analysis also incorporated user perspectives through analysis of qualitative data to provide 
context in which vulnerable populations have engaged in mHealth use.  Our qualitative analysis 
focused on older adults to provide additional insight into quantitative findings that older 
individuals use less mHealth compared to younger individuals.  We found a wide variation in 
mHealth use within older adults ages 55 and over.  Three factors were particularly influential in 
older adults’ acceptance and adoption of mHealth: 1) perception of the usefulness of mHealth, 2) 
the complexity of using mHealth, and 3) facilitating conditions such as lower cost and technical 
assistance.  For the majority of older adults in the sample, we found there was high intention to 
use mHealth, but actual use behavior varied.  Most technology acceptance models essentially 
equate intention to use as actual use, but our study showed it is not the case for older adults.  
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Limited income and inability to operate devices were reported as common barriers.  This 
suggests mitigating facilitating conditions with cost-reduction programs for devices and wireless 
network access or implementing educational interventions to increase comfort and facility with 
applications or devices may encourage mHealth use in older adults.     
Acceptance and adoption of mHealth. Using STAM and Domestication of Technology 
as the guide, we examined older adults’ mHealth use behavior as a process.  For those who 
reported some mHealth use, activities ranged from searches for health-related information to 
tracking physical activity to using remote monitoring technology.  We explored their use 
behavior with variables such as perceived usefulness, exploration and experimentation, and ease 
of use and learning.  The model allowed us to examine the acceptance and adoption in a non-
linear fashion.  We found evidence of older adults moving back and forth between domains in an 
effort to incorporate mHealth in their lives, signaling a high intention to use but facing obstacles 
that prevented them from progressing through the different stages of adoption.   
 
IMPLICATIONS AND FUTURE RESEARCH 
Role of age in mHealth use. This dissertation reinforced the influence of age, and the 
underlying constructs age represents, on mHealth use. In Chapter 2, we found a large association 
between lower age and mHealth use, albeit with wide confidence intervals, across multiple 
activity types. However, this effect of age was attenuated after accounting for digital health 
literacy, suggesting that an individual’s belief in their ability to use digital technology may play a 
greater role than age itself. Our qualitative study among older adults helped to explain these 
relationships further. Recurrent themes showed that mHealth use was motivated by an 
individual’s familiarity with technology and the extent to which an individual values technology. 
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Together, these results suggest that interventions targeting older age groups may be a promising 
approach to increasing mHealth use.  
Conditions for mHealth use. Another takeaway from the dissertation is that the 
conditions in which to use mHealth matters.  This is particularly true for older adults. mHealth 
tools could be the solution for meeting many of the needs of older adults who are choosing to 
“age in place”,5 in which individuals continue to live at home in the later part of their lives.  
However, as echoed by some older adults in the focus groups, telehealth may not be the preferred 
mode of connecting with one’s provider.  Another example is when another respondent 
mentioned his interest in using the Bluetooth-enabled glucometer issued to him by the VA, but 
because he did not know how to use it, he had to abandon the device.  It would be reasonable to 
expect that qualitative analysis of focus groups with the other vulnerable population groups 
represented in the full study would yield a variety of responses related to what the “right” 
conditions for mHealth use would be.  This highlights the need to contextualize findings to 
reflect the heterogeneity of vulnerable populations, and the importance of aligning the optimal 
conditions for mHealth use with user needs and experiences.  
mHealth acceptance and adoption. As shown by the qualitative study with older adults, 
acceptance and adoption is a process, and often not linear.  This could be a challenge for 
quantitative studies to model, because uncertainty is accounted for in the error term, and not a 
construct that is generally represented as a predictor.  Researchers have introduced constructs 
such as trust6 and confidence7 in quantitative studies, but studies looking to capture some 
dimension of uncertainty are generally of qualitative nature or a mixed methods study. The 
qualitative analysis clarified that many older adults who were non-users would be interested in 
using mHealth, but under specific conditions.  It also highlighted their data privacy concerns and 
how this influenced use. Because of the challenge in operationalizing use and related predictors 
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of use, it would be advantageous to incorporate the strengths of both quantitative and qualitative 
approaches to conceptualize the analysis plan and to provide context when interpreting findings. 
Digital health literacy measurement. Our analysis found eHEALS measured search-
related behavior but did not seem to be suited for assessing digital health literacy in other types 
of mHealth activity.  Despite multiple tools in development after eHEALS, there have been no 
studies published regarding the use of a different digital health literacy assessment tool aside 
from the respective tool’s validation study.  The tools available to study digital health literacy 
need to be expanded in the range of competencies assessed and need to be applied in a wider 
range of research to understand the skills needed to navigate Web 2.0 for health and wellbeing 
successfully.   
 
Future Directions 
In this closing section, we reflect further on some of the key themes which emerged from 
the qualitative and quantitative analyses: Data Security and Privacy; Perceived value for users; 
“Effective engagement” as a measure of use; and Implication for health outcomes. 
Data, Security, and Privacy.  mHealth changes the way the patient-provider relationship 
is defined and what patient engagement entails.  So much of this “disruption” in health care 
hinges on the amount of data exchanging between parties that did not previously share data, and 
shifting the responsibility of who does what, and when, in the pursuit of health and wellbeing.  
Coupled with efforts to monetize health-related data, the increased distribution and use of 
personal data raises concerns about data security and privacy, articulated by respondents in the 
qualitative analysis.8-11 Some of the focus group interview participants discussed frustrations and 
apprehension regarding adverse events and overall sense of uncertainty.  As individuals adopt 
additional types of mHealth for a variety of tasks, the opportunities for exchange of data 
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multiplies exponentially.  Acceptance and adoption of this technology would thus appear to be 
influenced by whether potential users believe their privacy and data will be protected, and at 
levels above that in many commercially available applications and platforms.  Vulnerable 
populations may be more susceptible to things like “click bait,” fake news, and other scams, and 
their awareness of this that may deter technology use in general, which means they will be less 
likely to adopt mHealth for self-management of chronic conditions or to maintain well-being.  
There is a growing body of research examining how privacy and security concerns affect 
technology use, some of which suggest lower levels of trust in the privacy of the Internet is 
associated with reductions in online activity.12  
Perceived valued for users. The qualitative work highlighted some of the major 
variation in perception and value of these technologies, issues that were not explored in 
standardized questionnaires in quantitative analysis.  The decision to adopt or reject mHealth is 
informed by whether using mHealth has or is meeting the user’s needs. There is a distinction 
between asking if an individual is using mHealth and if an individual is using mHealth to meet 
his/her needs.  This is rarely captured in survey data.    There seems to be an inherent assumption 
that non-users do not use mHealth because they cannot, either due to limited access or skill, 
while it is low perception of value that shapes use. Variety and type of use are relatively 
straightforward to represent; amount and motivation for use are not.  More research is needed to 
understand how to represent the amount and perceived value of mHealth use as a construct.   
  “Effective engagement” as a measure of use.  Our study operationalized mHealth use 
by variety (i.e., measured by number of different activities) and type (i.e., discrete categories of 
activities measured by number of categories). 13 We could not represent amount of use (i.e., 
frequency measured in time units) with the current data, but provided additional insight on the 
concept of mHealth use with qualitative data.  It is a challenge to fully and accurately depict the 
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multidimensional construct, because of issues like data limitations and not having a consistent 
definition for “use,”14  A group of researchers in the United Kingdom proposed a framework to 
measure and evaluate “engagement”, which effectively added another dimension to “use.” 
Effective engagement is defined as “sufficient engagement with the intervention to achieve 
intended outcomes,”15  Based on this definition, in addition to type, variety, and amount of 
activity, use would also include engagement, such that the extent to which using the technology 
contributes to achieving an intended outcome is also included in conceptualizing “use.” An 
example of such an expanded framework is the Analyzing and Measuring Usage and 
Engagement Data (AMUsED) framework, developed to “guide systematic, fine-grained usage 
analyses that better enables understanding of how an intervention works, when, and for whom.”15 
The ongoing work by researchers like these is crucial to expanding research in mHealth use.  
Future research should focus on conceptualizing a dynamic, comprehensive, and consistent 
definition of use, which takes into account “user experiences of the technology and the social and 
therapeutic context.” 14 
Implication for health outcomes. This study’s findings about mHealth use would be 
more meaningful in the context of mHealth effectiveness.  Missing from the analysis and from 
broader literature is how mHealth has actually influenced the health of the population using 
them. It is unclear whether mHealth tools are associated with better health outcomes. 16   The 
challenge is to rigorously produce and evaluate evidence to inform business practices that will 
achieve the triple aim: improving the health of populations, enhancing the experience of care for 
individuals, and reducing the per capita cost of health care.17  
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CONCLUSION 
mHealth have the potential to benefit vulnerable populations, but it is difficult to realize 
mHealth’s potential value if those who are most in need of support are not engaging with the 
interventions. Empirical work performed with more affluent, younger, more educated population 
may not apply to an older population with fewer resources, and has less engagement with 
mHealth.  Therefore it is imperative that we study mHealth use in vulnerable populations to 
better understand facilitators and barriers to guide interventions to encourage increased digital 
literacy in this population, more appropriate design of mHealth tools, and increased use that 
improves health. 
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Appendix I. Measurement model  
 
Chapter 2 
Construct Variable Construction 
mHealth use 
 
searched Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Searched online for information on a health-
related concern  
mHealth use 
 
ask Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Asked a health-related question or shared a 
personal health-related experience online  
mHealth use 
 
alerts Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Signed up to receive email updates or alerts 
about health or medical issues  
mHealth use 
 
story Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Viewed someone’s story on health or medical 
issues  
mHealth use 
 
findothers Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Gone online to find others who might have 
health concerns similar to mine  
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Construct Variable name Construction 
mHealth use 
 
forms Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Downloaded forms online or applied for health 
insurance online  
mHealth use 
 
orderedmeds Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Ordered medications online  
mHealth use 
 
appt Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Scheduled appointments with doctors  
mHealth use 
 
researched_docs Dichotomous variable  
0=No, 1=Yes 
Survey question: “Which of the following online 
health-related activities have you done in the last 
12 months? Please check the box if you have 
done these activities in the last 12 months.” 
Researched doctors or health facilities online  
gender female Dichotomous variable  
0=Male, 1=Female 
Survey question: “What is your gender”?  
• Male;  
• Female 
age agex654 Categorical variable by collapsing categories to 
1=65+, 2=35-64, 3=18-34. 
Survey question: “What is your age?”  
• 18-24 years old;  
• 25-34 years old;  
• 35-44 years old; 
• 45-54 years old;  
• 55-64 years old;  
• 65-74 years old;  
• 75 years or older 
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Construct Variable Construction 
education edu3 Categorical variable by collapsing categories to 
1=high school diploma or less, 2=some college, 
3=college degree or more.   
Survey question: “What is the highest degree or level 
of school you have completed?” 
• Less than high school Some high school;  
• High school graduate diploma or the equivalent 
(for example: GED);  
• Some college credit, no degree;  
• trade/technical/ vocational training;  
• Associate degree;  
• Bachelor’s degree or higher; Other (please 
specify) 
race/ethnicity raceth4 Categorical variable by collapsing categories to 
1=black, 2=white, 3=Hispanic, 4=other 
Survey question: Which category best describes your 
race/ethnicity? (Check all that apply) 
• American Indian/Alaska Native  
• Asian  
• Black or African American  
• Hispanic/Latino/Latina  
• Native Hawaiian or Pacific Islander  
• White (non-Hispanic origin)  
• Other (please specify)  
location loc Categorical variable  
1=Bronx, 2=Louisville, 3=Miami 
Surveys were handed out in person and sorted by 
location upon receipt  
employment 
status 
job Dichotomous variable  
0=not employed, 1=employed 
Survey question: What is your current employment 
status? (Check all that apply)  
• Employed for wages  
• Self-employed  
• Out of work and looking for work  
• Out of work and not currently looking for work  
• A homemaker (for example: at home full-time 
without children)  
• Stay-at-home mother  
• Student  
• Military  
• Retired  
• Unable to work  
• None of the above  
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Construct Variable  Construction 
relationship 
status 
relmarried Dichotomous variable  
0=not married, 1=married 
Survey question: What is your current relationship 
status?  
• Married  
• Living with a partner  
• Widowed  
• Divorced  
• Separated  
• Single (For example: never married and not 
living with a partner)  
health 
insurance 
status 
hinstype Categorical variable by collapsing categories to 0=no 
insurance, 1=public, 2=private, 3=other 
Survey question: What kind(s) of health insurance do 
you have?  
• Private health insurance through an employer  
• Private insurance that you buy on your own  
• Medicaid  
• Medicare  
• Do not have health insurance  
• Other (please specify)  
self-reported 
health status 
hstatus5 Categorical variable by collapsing categories to 
1=excellent, 2=very good, 3=good, 4=fair, 5=poor 
Survey question: In general, would you say your 
health is:  
• Excellent  
• Very Good  
• Good  
• Fair  
• Poor  
 
 
143 
 
Chapter 3 
Construct Variable Construction 
mHealth 
use 
Search Used factor analysis to extract two actors based on items from 
question, “Which of the following online health-related activities 
have you done in the last 12 months? Please check the box if you 
have done these activities in the last 12 months.”  
• Searched online for information on a health-related concern  
• Asked a health-related question or shared a personal health-
related experience online  
• Viewed someone’s story on health or medical issues  
• Gone online to find others who might have health concerns 
similar to mine  
• Researched doctors or health facilities online 
mHealth 
use 
Engage Used factor analysis to extract two actors based on items from 
question, “Which of the following online health-related activities 
have you done in the last 12 months? Please check the box if you 
have done these activities in the last 12 months.”  
• Signed up to receive email updates or alerts about health or 
medical issues  
• concerns similar to mine  
• Downloaded forms online or applied for health insurance 
online  
• Downloaded or used a health-related app  
• Ordered medications online  
• Scheduled appointments with doctors  
Gender Female Dichotomous variable 
What is your gender? (Male=0; Female=1) 
• Male 
• Female 
Age Age Continuous variable 
1=18-24 years old; 2=25-34 years old; 3=35-44 years old; 4=45-
54 years old; 5=55-64 years old; 6=65-74 years old; 7=75 years 
or older 
Survey question: “What is your age?”  
• 18-24 years old;  
• 25-34 years old;  
• 35-44 years old; 
• 45-54 years old;  
• 55-64 years old;  
• 65-74 years old;  
• 75 years or older 
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Construct Variable Construction 
Education Edux3 Dichotomous variable  
Collapsed categories to 0=less than some college, 1=some college 
or more Original question: “What is the highest degree or level of 
school you have completed? 
Survey question: “What is the highest degree or level of school 
you have completed?” 
• Less than high school Some high school;  
• High school graduate diploma or the equivalent (for 
example: GED);  
• Some college credit, no degree;  
• trade/technical/ vocational training;  
• Associate degree;  
• Bachelor’s degree or higher; Other (please specify) 
Self-
efficacy 
Score Continuous variable 
Summed 8-item eHEALS into a score, highest possible score = 
40.  eHEALS answers are in 5-point likert format. 
 
 
Chapter 3 – Scree plot 
 
 
 
 
 
  
145 
 
Appendix II: Survey Part I (pre-focus group) 
 
Name:         Zip code: 
 
DEMOGRAPHICS 
 
Please provide some personal demographic information by checking all answers that apply. 
      
1. Which category best describes your race/ethnicity? (Check all that apply) 
o American Indian/Alaska Native 
o Asian 
o Black or African American 
o Hispanic/Latino/Latina  
o Native Hawaiian or Pacific Islander 
o White (non-Hispanic origin) 
o Other (SPECIFY): ____________________ 
 
2. What is your gender? 
o Male 
o Female 
o Other 
 
3. What is your age?  
o 18-24 years old 
o 25-34 years old 
o 35-44 years old 
o 45-54 years old 
o 55-64 years old 
o 65-74 years old 
o 75 years or older 
 
4. What is your current relationship status? 
o Married 
o Living with a partner 
o Widowed 
o Divorced  
o Separated 
o Single (For example: never married and not living with a partner) 
 
5. What language do you prefer when receiving health care services? 
o English 
o Spanish 
o Chinese (For example: Mandarin or Cantonese) 
o Korean 
o Tagalog 
o Vietnamese 
o Other (SPECIFY): ____________________ 
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6. What is the highest degree or level of school you have completed?  
o Some high school 
o High school graduate diploma or the equivalent (for example: GED) 
o Some college credit, no degree 
o Trade/technical/vocational training 
o Associate degree 
o Bachelor’s degree or higher 
o Other: (SPECIFY): ____________________ 
 
7. What is your current employment status? (Check all that apply) 
o Employed for wages 
o Self-employed 
o Out of work and looking for work 
o Out of work and not currently looking for work 
o A homemaker (for example: at home full-time without children) 
o Stay-at-home mother 
o Student 
o Military 
o Retired 
o Unable to work 
o None of the above 
 
8. Which one of the following is the biggest concern for you right now? 
o Housing issues 
o Being able to pay for basics like food 
o Getting or holding a job 
o Immigration or legal issues 
o Taking care of your health 
o Taking care of your child’s health 
o Taking care of your family member’s health 
o Personal and family safety 
o Other (SPECIFY): ____________________ 
 
HEALTH 
9. What kind(s) of health insurance do you have? 
o Private health insurance through an employer  
o Private insurance that you buy on your own 
o Medicaid  
o Medicare 
o Do not have health insurance 
o Other: (SPECIFY): ____________________ 
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10. Which of the following does your health care provider assist you with?  
(Check all that apply.) 
o Information about resources in the community (brochures and pamphlets) 
o Referrals to other doctors 
o Transportation services 
o Food assistance 
o Housing services 
o Legal aid 
o Other (SPECIFY): ____________________ 
 
11. In general, would you say your health is: 
o Excellent 
o Very Good 
o Good 
o Fair 
o Poor 
 
12. Compared to one year ago, how would you rate your health in general now?  
o Much better now than one year ago 
o Somewhat better now than one year ago 
o About the same 
o Somewhat worse now than one year ago 
o Much worse now than one year ago 
 
TECHNOLOGY 
Please provide some information on personal technology 
13. What kind of cell phone do you own and use? 
o I do not own or use a cell phone 
o Basic phone 
o Smart phone 
 
14. If you own or use a cell phone, what type of phone plan do you have? 
o Standard contract individual plan (i.e.,, Verizon, ATT, T-Mobile, Sprint) 
o Standard contract family plan (i.e.,, Verizon, ATT, T-Mobile, Sprint) 
o Prepaid monthly plan with unlimited texting (i.e.,, Boost, Cricket, Go, Virgin Mobile) 
o Prepaid monthly plan with limited texting (i.e.,, Boost, Cricket, Go, Virgin Mobile) 
o Pay-as-you-go plan with unlimited talk-text  (i.e.,, daily access fee, $.xx per minute plan) 
o Pay-as-you-go plan with limited talk-text  (i.e.,, daily access fee, $.xx per minute plan) 
o Other (SPECIFY): ____________________  
o I do not own or use a cell phone 
 
  
148 
 
15. Do you own or use any of the technologies listed below?    When do you use these devices? 
 
 Use Own Daytime Nighttime All the 
time 
Desktop computer      
Laptop computer      
Tablet (iPad)      
Video gaming console      
Music player (iPod)      
Reading tablet (Kindle, Nook)      
Smart TV or use of Roku (TV 
with internet access and apps) 
     
Other: (SPECIFY):       
 
16. Overall, which technology device do you mostly use to access the Web? 
o Mostly on cell phone 
o Mostly on desktop computer 
o Mostly on laptop 
o Mostly on a tablet 
o Mostly on a smart TV 
o Other: (SPECIFY): ____________________ 
 
17. Check the boxes if you do these activities on your cell phone or on a non-cell phone device 
(like a laptop or tablet). If you do not do the activity, please check the ‘do not use’ box. 
Activities Cell 
Phone 
Non cell phone 
(laptop, tablet, etc.) 
Do not use 
1. Make phone calls    
2. Send/receive texts    
3. Send /receive emails    
4. Access the Internet    
5. Take a picture    
6. View a picture    
7. Webcam/Skype or other video chat    
8. Record a video    
9. Watch videos    
10. Watch livestream    
11. Listen to music    
12. Download apps    
13. Use social media (Facebook, 
Twitter, Instagram, etc.) 
   
14. Play games     
15. Use maps    
16. Shop    
17. Banking, paying bills    
18. Other (SPECIFY):    
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HEALTH AND BEHAVIORS 
Please provide some information on you health and behaviors 
 
18. Tell us whether you agree with the following statements about your health behavior by 
circling the number that matches with the words below: 
 
 
 
 
1 
Strongly 
disagree 
2 
Disagree 
3 
Neither 
agree or 
disagree 
4 
Agree 
5 
Strongly 
agree 
“I am responsible for my own health.” 
 
1 2 3 4 5 
“I am actively taking care of my 
health.” 
1 2 3 4 5 
“I am willing to pay for my health care 
expenses out-of-pocket.” 
1 2 3 4 5 
“I should be in control of who has 
access to my health data.” 
1 2 3 4 5 
“I would share my data so I can have 
better care from my doctor.” 
1 2 3 4 5 
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Appendix III. eHeals (Digital Literacy Assessment) 
 
I would like to ask you for your opinion and about your experience using the Internet for 
health information. For each statement, please check which response best reflects your 
opinion and experience right now.   
 
Name:___________________________   
 
1. How useful do you feel the Internet is in helping you in making decisions about your health? 
  
1 2 3 4 5 
Not useful 
at all 
o 
Not useful 
o 
Unsure 
o 
Useful 
o 
Very Useful 
o 
 
2. How important is it for you to be able to access health resources on the Internet? 
  
1 2 3 4 5 
Not important 
at all 
o 
Not 
important 
o 
Unsure 
o 
Important 
o 
Very 
important 
o 
 
3. I know what health resources are available on the Internet 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
 
4. I know where to find helpful health resources on the Internet 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
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5. I know how to find helpful health resources on the Internet 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
 
6. I know how to use the Internet to answer my questions about health 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
 
7. I know how to use the health information I find on the Internet to help me 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
 
8. I have the skills I need to evaluate the health resources I find on the Internet 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
 
9. I can tell high quality health resources from low quality health resources on the Internet 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
 
10. I feel confident in using information from the Internet to make health decisions 
 
o Strongly Disagree 
o Disagree    
o Undecided  
o Agree 
o Strongly Agree 
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Appendix IV. Survey (Part 2) 
 
Part A – Online Activities for Health 
1. Which of the following online health-related activities have you done in the last 12 months? 
Please check the box if you have done these activities in the last 12 months. 
 
Activity  Yes, I have 
done this 
activity in the 
last 12 months 
Searched online for information on a 
health-related concern 
o 
Asked a health-related question or shared 
a personal health-related experience online  
o 
Signed up to receive email updates or 
alerts about health or medical issues  
o 
Viewed someone’s story on health or 
medical issues 
o 
Gone online to find others who might 
have health concerns similar to mine 
o 
Downloaded forms online or applied for 
health insurance online 
o 
Downloaded or used a health-related app o 
Ordered medications online o 
Scheduled appointments with doctors o 
Researched doctors or health facilities 
online 
o 
Other (SPECIFY): o 
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2. Which of the following health topics have you looked up online or through an app for more 
information? Please check the box next to the health topics that you have looked up online or 
through an app. 
 
Health Topics Yes, I’ve looked 
this up online or 
used an app 
Yes, I was 
happy with the 
results  
A specific disease or medical problem o o 
A certain medical treatment or procedure o o 
Health insurance o o 
Brain Health o o 
Depression o o 
Injury/Fall Prevention o o 
Mental Health o o 
Food safety or recalls o o 
Drug safety or recalls o o 
Medical test results o o 
How to lose weight or how to control your 
weight 
o o 
How to reduce your healthcare costs o o 
Caring for a family member or friend  o o 
A drug you saw advertised o o 
Assistance with Activities of Daily Living 
(eating, bathing, dressing, toileting, and 
walking) 
o o 
Hospice or Palliative Care o o 
Assisted Living, Continuing Care o o 
Other (SPECIFY): ____________________ o o 
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Part B – Current mHealth Use 
Please check the types of technologies you are using for health management activities listed 
below 
 
Health 
Management 
Activity 
Wearables 
(pedometer, 
cell phone) 
Health 
Devices 
(Glucose 
monitor, at-
home blood 
pressure 
monitoring) 
Apps Social 
networks 
Text 
message 
appointment 
reminders 
Video chat with 
Providers 
(telehealth, video 
conferencing) 
Health 
center 
website for 
personal 
health 
information 
I do not use a 
technology for 
this health 
activity 
Brain Health o o o o o o o o 
Physical 
Fitness/ 
Exercise 
o o o o o o o o 
Diet/ Food/ 
Nutrition 
o o o o o o o o 
Weight o o o o o o o o 
Vision o o o o o o o o 
Blood 
pressure 
o o o o o o o o 
Injury/ Fall 
prevention 
o o o o o o o o 
Chronic 
condition self-
management 
o o o o o o o o 
Medication 
management 
o o o o o o o o 
Depression o o o o o o o o 
Stress o o o o o o o o 
Sleep o o o o o o o o 
Pain o o o o o o o o 
Other 
(SPECIFY) 
o o o o o o o o 
 
1. In general, how satisfied are you with the accuracy of the information that you’ve found on 
these technologies?  
Very Dissatisfied 
o 
Dissatisfied 
o 
Neither Dissatisfied 
or Satisfied  
o 
Satisfied 
o 
Very Satisfied 
o 
 
2. In general, how satisfied are you with the trustworthiness of the information that you’ve 
found on these technologies?  
Very Dissatisfied 
o 
Dissatisfied 
o 
Neither Dissatisfied 
or Satisfied  
o 
Satisfied 
o 
Very Satisfied 
o 
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Part C – Future Technology Use for your Health 
How interested would you be in using these technology examples to help you meet your health 
needs? On a Scale 1-5 where 1 is Not at all interested and 5 is Extremely interested, please rate 
how interested you would be in using these technology solutions for you or your child’s health. 
 
 1 
Not at all 
interested 
2 
Slightly 
interested 
3  
Moderately 
interested 
4 
Very 
interested 
5 
Extremely 
interested 
 
I already 
use this 
Online access to personal health information 
Text-message appointment 
reminders 
o o o o o o 
Doctor online appointment 
scheduling 
o o o o o o 
Medical health record online 
access 
o o o o o o 
Access a repository for all your 
health-related information: 
medications, care plans, 
information sheets, etc. 
o o o o o o 
Other (SPECIFY) o o o o o o 
Provider Communication 
Doctor secure email messaging o o o o o o 
Text message medication 
reminders 
o o o o o o 
Online video access to a doctor 
for consultation 
o o o o o o 
Other (SPECIFY) o o o o o o 
Self-Management 
Text messages with information 
about health issues you may be 
having 
o o o o o o 
Online video access to a doctor 
for consultation 
o o o o o o 
Healthcare apps that help to track 
or manage your health 
o o o o o o 
Apps to help manage 
medications, including 
developing medication plans, 
tracking side effects and 
symptoms and managing meds on 
a daily basis 
o o o o o o 
Apps to help change behaviors, 
such as diet, exercise and 
addictions 
o o o o o o 
Other (SPECIFY) o o o o o o 
Education 
Online review of healthcare 
providers 
o o o o o o 
Online review of medical 
treatments 
o o o o o o 
Other (SPECIFY) o o o o o o 
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 1 
Not at all 
interested 
2 
Slightly 
interested 
3  
Moderately 
interested 
4 
Very 
interested 
5 
Extremely 
interested 
 
I already 
use this 
Community Resources 
Location-based service for 
mapping community resources 
o o o o o o 
Listings of relevant-to-you local 
activities, support groups and 
services 
o o o o o o 
Other (SPECIFY) o o o o o o 
Social Support 
Social health and well-being 
network with local people 
o o o o o o 
Text or email message individuals 
and/or a group of individuals 
involved in your care 
o o o o o o 
Keep track of the health and care 
plan of someone for whom you 
are caring for 
o o o o o o 
Access to online patient groups o o o o o o 
Other (SPECIFY) o o o o o o 
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Appendix V. Focus Group Discussion Interview Guide 
 
INTRODUCTION (5 MINUTES) 
 
 
ICE BREAKER (5 MINUTES) 
 
 
TECHNOLOGY USAGE and ACTIVITIES (15 MINUTES) 
 
 Technology Device Activities (15 minutes) 
• Cellphone and Smartphone Activities (5 minutes) 
• Smartphones and Apps (5 minutes) 
• Social Media and Smartphones (5 minutes) 
 
 
TECHNOLOGY TO SUPPORT HEALTH AND WELLBEING (60 MINUTES) 
  
 Online Activities for Health (25 minutes) 
• Section A (2 minutes) 
• Online Activities (11 minutes) 
• Interacting with Healthcare Providers (12 minutes) 
 
 
 Other Digital Technology Usage (10 minutes) 
• Section B (2 minutes) 
• Other Technology Use for Managing Health and Wellbeing (8 minutes) 
 
 
 Future Digital Technology Usage (25 minutes) 
• Section C (2 minutes) 
• Future Technology Use for Managing Health and Wellbeing (23 minutes) 
 
 
CONCLUSION (5 Minutes) 
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INTRODUCTION (5 MINUTES) 
 
Hello and welcome!  
 
Thank you for taking time in your day to be here.  
 
My name is _________________. I work at _________________________. 
 
The ___________ and the Public Health Institute are conducting focus groups in _______ to talk with -
______________ about how they use personal digital technologies, like cell phones and computers, to 
interact with people and groups using text messaging, email, social media, and apps and to go online to 
search for health-related information. 
 
We have invited you here today to hear from you about your experiences with personal digital 
technologies, how and in what situations you use them for supporting your own or your family’s health 
and well-being, and how you hope technology could meet your needs in the future for the health and 
wellbeing of yourself and your families. Your insights will inform improvements in the experience for 
_________ when using technology to access and utilize healthcare services and resources. 
 
Your participation today is voluntary. You do not have to answer any questions that make you 
comfortable. You may leave at any time. Our discussion will last no more than two hours. At the end of 
our discussion you will receive a $25 gift card for your participation. 
 
Before we get started, I would like to set important ground rules for our discussion today:  
 
§ Only one person talks at a time. If you would like to speak please raise your hand and we will get to 
you when it is your turn. 
§ We are recording this conversation to make sure that we hear all of your good ideas. The audiotape 
for the research will be destroyed after the research is complete.  
§ What is shared in the room will inform our goal to improve your experiences and that of others like 
you. We will not use your name when we present the findings to others 
§ It is important for us to hear everyone’s ideas and opinions. There are no right or wrong answers – 
just ideas, experiences and opinions which are all valuable. 
§ You are free to refrain from answering any question that you do not feel comfortable answering. 
§ It is important for us to hear all sides of an issue – both the positive and the negative. Please respect 
others. 
§ If you need to use the restroom at any time during the discussion please feel free to do so. 
 
Does anyone have any questions?  
 
Thanks, again, for being here. Let’s get stared! 
 
 
 
TECHNOLOGY ICEBREAKER (5 MINUTES) 
 
Let’s go around the room and say your first name, name your favorite personal digital technology, and 
share an example of how it has been most useful to you, particularly given the way that you live your life 
today.   
 
Please try to keep introductions brief. We will have time later to discuss in more detail. 
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I will go first.  
 
My name is ________________. Given the way I live my life today, my favorite  
technology is _____________________ and it has helped me to _________________. 
 
 
 
TECHNOLOGY USAGE and ACTIVITIES (15 MINUTES) 
 
Let’s start with the cell phone and smartphone and activities that you do (5 minutes)  
 
1. What are 3 features or functions of cell phones that you use most often? 
 
[PROBE: Making/ receiving phone calls] 
[PROBE: Sending/ receiving texts]  
[PROBE: Sending/ receiving emails] 
[PROBE: Video chats/ Skype/ Webcam] 
[PROBE: Accessing the Internet/Web] 
[PROBE: Taking photos and videos] 
[PROBE: Watching videos and listening to music] 
[PROBE: Downloading and using apps] 
[PROBE: Playing games] 
[PROBE: Mapping and Location-based services] 
[PROBE: Online Finance / - Banking] 
[PROBE: Other] 
 
2. Let’s talk about your experiences using certain features or functions  
 
[PROBE: What do you like most about _________?] 
[PROBE: How does _____ benefit you compared with ________?] 
[PROBE: What features or functions do you like least?] 
[PROBE: Why do you use ________ features or functions less than ______?] 
[PROBE: What challenges or barriers have you faced when using _____?] 
[PROBE: How would you like to improve your experience when using ____?] 
 
Let’s hear from smartphone users about apps that you have downloaded (5 minutes) 
 
Ø Co-facilitator creates 3-column chart [App / Likes (+) / Dislikes (-)] on flipchart 
1. Have any of you downloaded apps onto your phone? 
[PROBE: If yes, how many apps have you downloaded in last 12 months?] 
[PROBE: Tools/ Music/ News/ Communication / Social/ Travel and Local]  
 
2. Tell me about some of your favorite apps.  
[PROBE: What app(s) do you use most often?] 
[PROBE: Since you have started using ____ what do you like about the app?] 
[PROBE: How does it benefit you?]  
[PROBE: Tell me about a time that you ……………] 
 
3. What was the reason that made you want to download __________? 
[PROBE: What motivated you to want to download and use the app?] 
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[PROBE: How did you hear about the app?] 
[PROBE: Did someone recommend it to you? Did you see an ad?] 
 
 
4. What do you like least about using _________? 
[PROBE: How would you like to improve your experience when using ____?] 
[PROBE: Are there certain things that you would like to do but can’t?] 
[PROBE: Tell me more about a situation where that would have been helpful] 
 
Let’s discuss social media that you use on your smartphone (5 minutes) 
 
1. Tell me about some of your favorite social media platforms that you use.  
[PROBE: What social media platforms do you use the most?]  
[PROBE: Facebook/ Instagram/ Twitter/ Other/ Google+/ Pinterest] 
[PROBE: Do any of you use blogs?] 
 
2. In what situations or for what reasons do you use social media? 
[PROBE: Connect with friends and family] 
[PROBE: Participate in communities with special interests] 
[PROBE: Share information and ideas] 
[PROBE: Comment on content that others have posted] 
[PROBE: Review content that your contacts post] 
[PROBE: Post your interests such as movies, music, or books] 
[PROBE: Post a picture] 
[PROBE: Post a video] 
[PROBE: Other] 
 
3. What do you like about using __________________?  
[PROBE: How does it benefit you?] 
[PROBE: How is it different from other platforms you may have used?] 
 
4. What don’t you like about using ________________? 
[PROBE: How would you like to improve your experience when using ____?] 
[PROBE: Are there certain things that you would like to do but can’t?] 
[PROBE: Tell me more about a situation where that would have been helpful] 
 
TECHNOLOGY TO SUPPORT HEALTH AND WELLBEING (60 Minutes) 
 
Now that we have reviewed the technology that you use in your life, lets focus on how you use 
technology for your health and wellbeing. For example, your experiences using the Internet/web and 
going online to find information on health-related issues. 
 
SECTION A – Online Activities for Health (2 minutes to complete) 
 
For this section, we are interested in the kind of health-related activities you do online. 
 
People go online for specific health-related activities. For example: 
• To sign up to receive email alerts about health or medical topics 
• To submit or view comments on health-related issues, providers, and services 
• To look up information or watch videos on health-related topics 
• To fill out or download forms online.  
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Are you searching for specific information, reading personal stories, downloading forms?  
 
We’d also like to know what types of health or medical topics you’ve looked up online. 
  
 
Review Section A in Focus Group Discussion (12 minutes) 
	
Let’s discuss health-related online activities you have done in the last 12 months: 
1. What types of health or medical topics have you looked up online?  
[PROBE: Specific conditions, treatments, drugs] 
[PROBE: Food or Drug or Product safety and recalls] 
[PROBE: Health insurance] 
[PROBE: Weight issues] 
[PROBE: Healthcare costs] 
[PROBE: Resources and services] 
[PROBE: Other] 
 
2. What motivated you to go online in search of health and medical information? 
[PROBE: What needs or issues were you trying to address at that time?] 
[PROBE: Had you tried to get answers to questions before going online?] 
[PROBE: How did you use the information once you found it online?] 
 
3. How did you start to search for health and medical information for online?  
[PROBE: Enter search terms in Google, You Tube, Social Media Site] 
[PROBE: Visit health and medical websites such as WebMD, Mayo Clinic] 
 
4. Do you find going online for health-related information useful? 
[PROBE: If yes, in what ways do you find it useful?] 
[PROBE: What types of online information are most useful? Text? Video?] 
[PROBE: In what ways do you find other kinds of information less useful?] 
 
5. Do you find going online for information an effective way to learn about health? 
[PROBE: If yes, can you tell me of a time when you found it helpful?] 
[PROBE: If no, how could online information be improved to be more useful] 
 
6. Have you gone online for certain health-related activities? 
[PROBE: Receive email alerts on specific health topics] 
[PROBE: Review comments on health-related issues, providers, and services] 
[PROBE: Fill out or download forms] 
[PROBE: Apply for health insurance coverage] 
[PROBE: Other] 
 
7. For those of you who have gone online for certain health-related activities, for what activities 
have you found it useful AND in what ways? 
[PROBE: Is there anything that would improve your online experience?] 
[PROBE: Are there certain things that you would like to do but can’t?] 
 
8. For those of you who have not gone online for certain health-related activities, is there anything 
that is preventing or holding you back from doing so? 
[PROBE: What’d make you motivated to go online like people do banking?] 
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[PROBE: Is there anything you’d like to improve about the technology?] 
 
Let’s discuss using technology to interact with healthcare providers (12 minutes) 
 
When you interact and communicate with you provider do you use technology for that? 
 
Ø Use flip chart to outline ways participants communicate with their provider. 
[text reminders, email doctor, video chat, look up personal health information] 
1. Tell me about ways you use technology to interact with healthcare providers. 
[PROBE: Patient Portal] 
[PROBE: Kiosks in the waiting room] 
[PROBE: Apps that share information with your providers] 
 
2. Do you receive text messages from your healthcare providers?  
[PROBE: If yes, do you like to communicate with your provider via texting?] 
[PROBE: What kinds of messages are useful for you? Reminders? Alerts?] 
[PROBE: Do you trust the (privacy / security) of texts your provider sends?]  
[PROBE: If not receiving texts, would you like to? Why / Why not?] 
[PROBE: Have you used other e-messaging (i.e.,, email, secure messaging)] 
 
3. Do you ever use video chat to communicate with providers?  
[PROBE: If yes, do you like to communicate via video chat?] 
[PROBE: How has video chat been useful or beneficial for you?] 
[PROBE: What benefits does video-chat have over in-person meetings?] 
[PROBE: If not using video chat, would you like to? Why / Why not?] 
[PROBE: Have you used other video communication (i.e.,, telehealth)] 
4. Some people prefer to interact with the health care system face-to-face or by telephone without 
resorting to the internet or mobile apps. Is that your case?  
[PROBE: If so, why do you prefer to use this way to communicate?] 
[PROBE: How does it make a difference for you or the care that you receive?] 
 
5. Some people find it challenging to use technologies to communicate directly with their providers. 
Are there any reasons why you wouldn’t use any technology platforms to communicate with your 
provider? 
[PROBE: Financial] 
[PROBE: Usability of technology] 
[PROBE: Trust] 
[PROBE: Security and Privacy and Confidentiality] 
[PROBE: Are there ways technology could replace in-person communication] 
 
6. Do you use technology to interact with other service providers besides your healthcare provider 
but that may be important for your health and well being? 
[PROBE: Social services? Housing? Public Benefits? Employment?] 
[PROBE: In what situations do you use technology to interact with them?]  
[PROBE: What technologies do you use to do so? Need Library for access?]  
[PROBE: Do you find it helpful? If yes why, if no why not?]. 
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Other Digital Health Technology Usage (10 minutes) 
 
SECTION B – Other Digital Health Technology Usage (2 minutes to complete) 
 
For this section we are interested in digital technologies that you are using to support your health 
management and in ways that do not always involve interaction with your healthcare provider. These may 
include wearables, apps, social networks, and websites.  
 
Review Section B in Focus Group Discussion (8 minutes) 
	
Let’s discuss other types of digital technologies you are using for managing you health. 
 
 
1. Do you use social media platforms to talk about or search for information about health issues?  
[PROBE: If yes, in what situations are you most likely to do so?] 
[PROBE: If yes, how have social media platforms been most useful for you?] 
[PROBE: If yes, which platforms do you use specifically for health?]  
[PROBE: How would you like to improve your experience when using ____?] 
[PROBE: If no, what reasons prevent you from using social media for health?] 
 
2. Do you download and use health apps to help you manage your health and well-being?  
[PROBE: If yes, which apps have you downloaded and used?] 
[PROBE: If yes, what motivated you to do so?] 
[PROBE: If yes, how have health apps been most useful for you?] 
[PROBE: If yes, are there specific health apps that you use regularly?]  
[PROBE: How would you like to improve your experience when using ____?] 
 
3. Do you use wearable technology such as activity trackers to help you monitor and track certain data 
for your health and well-being? 
[PROBE: Fitbit? Apple? Pedometers?] 
[PROBE: If yes, which wearable technology do you use?] 
[PROBE: If yes, how has wearable technology been most useful for you?] 
[PROBE: How would you like to improve your experience when using ____?] 
[PROBE: If no, what reasons prevent you from using wearable devices?]  
 
4. What do you like most about any of these different technologies that can be used to support your 
health and well-being? 
[PROBE: Convenience?] 
[PROBE: Personalization?] 
 
5. What concerns you the most about using any of these technologies in supporting your health and 
well-being? 
[PROBE: Concerns over security and theft of personal information] 
[PROBE: Risks to you confidentiality and privacy?] 
[PROBE: Lack of trust over how your information is used and shared?] 
 
6. How can technologies supporting your health and well-being be made more attractive to you in 
wanting to use them on a regular basis? 
[PROBE: Lower cost of the actual devices and services?] 
[PROBE: Having data shared directly with your healthcare providers?] 
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SECTION C–Future Technology Use for Your Health (2 minute to complete) 
 
For this section we are interested in ways that you think that digital technologies could be used to better 
meet your needs in managing your health and well-being in the future.  
 
Review Section C in Focus Group Discussion (23 minutes) 
 
1. Given the way you live your life today, which 3 will you be most likely to use? 
[PROBE: Which are the 3 most important for you in addressing your needs?] 
[PROBE: How would they benefit you more than other options?] 
 
2. Is there anything that you would change or add to the list to make it more useful? 
[PROBE: What would you want to see added to the list?] 
[PROBE: What would you change on the list for it to be more meaningful?] 
[PROBE: How would that make a difference to your health and wellbeing?] 
3. What changes would you like to see in the way you connect with providers?  
[PROBE: Is you healthcare provider currently offering any of these today?] 
[PROBE: Are there any barriers you currently experience with their use?] 
[PROBE: How could they be improved to make you want to use them more?] 
 
4. What changes would you like to see in the other technologies that are listed?  
[PROBE: Do you currently have the option to use them? If yes, are you?] 
[PROBE: Are there barriers or concerns you currently have with their use?] 
[PROBE: How could they be improved to make you want to use them more?] 
 
5. What would gain your trust in wanting to use any of these technologies more? 
[PROBE: Which are you less interested in today due to concerns you have?] 
[PROBE: What are the reasons that prevent you from using them today?] 
[PROBE: Who would you trust in providing technology-enabled services?] 
[PROBE: If you were using them more how could they improve your health?] 
 
6. Would you like care providers to share and access your information with others? 
[PROBE: Do your providers not know about care you receive elsewhere?] 
[PROBE: Do you know if they already have the ability to share and access?] 
[PROBE: Which specific data would this capability be important for you?] 
	
CONCLUSION	(5	minutes)	
	
1. Is there something new or important that you have learned about our conversation today? How do 
you think you will use this new information?  
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Appendix VI. Chapter 3 Output 
 
Structural equation model                       Number of obs      =       316 
Estimation method  = mlmv 
Log likelihood     = -2691.3115 
 
 ( 1)  [searched]search = 1 
 ( 2)  [forms]engage = 1 
----------------------------------------------------------------------------------- 
                  |                 OIM 
                  |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
------------------+---------------------------------------------------------------- 
Structural        | 
  score <-        | 
              age |  -1.098393   .2703709    -4.06   0.000    -1.628311   -.5684762 
            edusc |   2.249197   .9155521     2.46   0.014     .4547473    4.043646 
            _cons |   29.16781    1.49265    19.54   0.000     26.24227    32.09336 
  ----------------+---------------------------------------------------------------- 
  search <-       | 
            score |   .0132184   .0028103     4.70   0.000     .0077103    .0187265 
              age |  -.0508676   .0116329    -4.37   0.000    -.0736676   -.0280675 
            edusc |    .073603   .0388407     1.89   0.058    -.0025235    .1497294 
  ----------------+---------------------------------------------------------------- 
  engage <-       | 
            score |   .0002467    .002824     0.09   0.930    -.0052883    .0057817 
           search |   .7629405   .1108948     6.88   0.000     .5455906    .9802904 
              age |   .0158828   .0114351     1.39   0.165    -.0065296    .0382952 
            edusc |  -.0368166   .0377157    -0.98   0.329     -.110738    .0371048 
------------------+---------------------------------------------------------------- 
Measurement       | 
  searched <-     | 
           search |          1  (constrained) 
            _cons |    .462512   .1022197     4.52   0.000     .2621651    .6628589 
  ----------------+---------------------------------------------------------------- 
  ask <-          | 
           search |   1.099739   .1173692     9.37   0.000     .8696997    1.329779 
            _cons |   .0705454    .113818     0.62   0.535    -.1525339    .2936247 
  ----------------+---------------------------------------------------------------- 
  story <-        | 
           search |   1.187617    .122029     9.73   0.000     .9484444    1.426789 
            _cons |   .1344454   .1211225     1.11   0.267    -.1029504    .3718412 
  ----------------+---------------------------------------------------------------- 
  findothers <-   | 
           search |   1.038432   .1144736     9.07   0.000     .8140683    1.262796 
            _cons |   .0213267   .1063787     0.20   0.841    -.1871718    .2298251 
  ----------------+---------------------------------------------------------------- 
  forms <-        | 
           engage |          1  (constrained) 
            _cons |  -.0102922   .1113335    -0.09   0.926    -.2285019    .2079175 
  ----------------+---------------------------------------------------------------- 
  orderedmeds <-  | 
           engage |   .7522322   .0920017     8.18   0.000     .5719122    .9325522 
            _cons |  -.0414644   .0822424    -0.50   0.614    -.2026567    .1197278 
  ----------------+---------------------------------------------------------------- 
  alerts <-       | 
           engage |    1.10254   .1394841     7.90   0.000     .8291558    1.375923 
            _cons |   .0703684   .1211719     0.58   0.561    -.1671241    .3078608 
------------------+---------------------------------------------------------------- 
         mean(age)|    3.61699    .090015    40.18   0.000     3.440564    3.793416 
       mean(edusc)|   1.278481   .0252161    50.70   0.000     1.229058    1.327904 
------------------+---------------------------------------------------------------- 
      var(e.score)|   46.22934   4.034319                      38.96148    54.85294 
   var(e.searched)|   .1074844   .0106577                      .0885001     .130541 
        var(e.ask)|   .1349873   .0132809                      .1113131    .1636966 
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      var(e.story)|   .1317349   .0135249                      .1077234    .1610985 
 var(e.findothers)|   .1254863   .0121551                      .1037876    .1517215 
      var(e.forms)|   .0952703   .0109784                      .0760099    .1194113 
var(e.orderedmeds)|   .0715745   .0073765                      .0584835    .0875959 
     var(e.alerts)|   .1258893   .0139485                      .1013155    .1564235 
     var(e.search)|   .0629287   .0111213                      .0445059    .0889775 
     var(e.engage)|   .0324508   .0082256                      .0197453    .0533317 
          var(age)|   2.553369   .2034059                      2.184265    2.984845 
        var(edusc)|   .2009293   .0159851                      .1719196    .2348342 
------------------+---------------------------------------------------------------- 
    cov(age,edusc)|   .0686864   .0404998     1.70   0.090    -.0106918    .1480645 
----------------------------------------------------------------------------------- 
LR test of model vs. saturated: chi2(28)  =     48.97, Prob > chi2 = 0.0084 
 
 
---------------------------------------------------------------------------- 
Fit statistic        |      Value   Description 
---------------------+------------------------------------------------------ 
Likelihood ratio     | 
         chi2_ms(28) |     48.969   model vs. saturated 
            p > chi2 |      0.008 
         chi2_bs(44) |    671.702   baseline vs. saturated 
            p > chi2 |      0.000 
---------------------+------------------------------------------------------ 
Population error     | 
               RMSEA |      0.049   Root mean squared error of approximation 
 90% CI, lower bound |      0.025 
         upper bound |      0.071 
              pclose |      0.509   Probability RMSEA <= 0.05 
---------------------+------------------------------------------------------ 
Information criteria | 
                 AIC |   5456.623   Akaike's information criterion 
                 BIC |   5595.586   Bayesian information criterion 
---------------------+------------------------------------------------------ 
Baseline comparison  | 
                 CFI |      0.967   Comparative fit index 
                 TLI |      0.948   Tucker-Lewis index 
---------------------+------------------------------------------------------ 
Size of residuals    | 
                  CD |      0.181   Coefficient of determination 
---------------------------------------------------------------------------- 
Note: SRMR is not reported because of missing values. 
 
 
---------------------------------------------------------------------------------- 
                 |                 OIM 
 Direct effects  |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-----------------+---------------------------------------------------------------- 
Structural       | 
  engage <-      | 
           score |   .0002467    .002824     0.09   0.930    -.0052883    .0057817 
          search |   .7629405   .1108948     6.88   0.000     .5455906    .9802904 
             age |   .0158828   .0114351     1.39   0.165    -.0065296    .0382952 
           edusc |  -.0368166   .0377157    -0.98   0.329     -.110738    .0371048 
-----------------+---------------------------------------------------------------- 
Measurement      | 
  searched <-    | 
           score |          0  (no path) 
          search |          1  (constrained) 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
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  ask <-         | 
           score |          0  (no path) 
          search |   1.099739   .1173692     9.37   0.000     .8696997    1.329779 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
  story <-       | 
           score |          0  (no path) 
          search |   1.187617    .122029     9.73   0.000     .9484444    1.426789 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
  findothers <-  | 
           score |          0  (no path) 
          search |   1.038432   .1144736     9.07   0.000     .8140683    1.262796 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
  forms <-       | 
           score |          0  (no path) 
          search |          0  (no path) 
          engage |          1  (constrained) 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
  orderedmeds <- | 
           score |          0  (no path) 
          search |          0  (no path) 
          engage |   .7522322   .0920017     8.18   0.000     .5719122    .9325522 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
  alerts <-      | 
           score |          0  (no path) 
          search |          0  (no path) 
          engage |    1.10254   .1394841     7.90   0.000     .8291558    1.375923 
             age |          0  (no path) 
           edusc |          0  (no path) 
-----------------+---------------------------------------------------------------- 
Structural       | 
  score <-       | 
             age |  -1.098393   .2703709    -4.06   0.000    -1.628311   -.5684762 
           edusc |   2.249197   .9155521     2.46   0.014     .4547473    4.043646 
  ---------------+---------------------------------------------------------------- 
  search <-      | 
           score |   .0132184   .0028103     4.70   0.000     .0077103    .0187265 
             age |  -.0508676   .0116329    -4.37   0.000    -.0736676   -.0280675 
           edusc |    .073603   .0388407     1.89   0.058    -.0025235    .1497294 
---------------------------------------------------------------------------------- 
 
---------------------------------------------------------------------------------- 
                 |                 OIM 
Indirect effects |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-----------------+---------------------------------------------------------------- 
Structural       | 
  engage <-      | 
           score |   .0100848    .002432     4.15   0.000     .0053182    .0148515 
          search |          0  (no path) 
             age |   -.050157   .0103854    -4.83   0.000    -.0705121    -.029802 
           edusc |   .0793923   .0317279     2.50   0.012     .0172068    .1415779 
-----------------+---------------------------------------------------------------- 
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Measurement      | 
  searched <-    | 
           score |   .0132184   .0028103     4.70   0.000     .0077103    .0187265 
          search |          0  (no path) 
             age |  -.0653865   .0118975    -5.50   0.000    -.0887052   -.0420679 
           edusc |   .1033337   .0400528     2.58   0.010     .0248317    .1818357 
  ---------------+---------------------------------------------------------------- 
  ask <-         | 
           score |   .0145368   .0031302     4.64   0.000     .0084018    .0206718 
          search |          0  (no path) 
             age |  -.0719081   .0128848    -5.58   0.000    -.0971619   -.0466544 
           edusc |   .1136401   .0442487     2.57   0.010     .0269142     .200366 
  ---------------+---------------------------------------------------------------- 
  story <-       | 
           score |   .0156984   .0033527     4.68   0.000     .0091272    .0222695 
          search |          0  (no path) 
             age |  -.0776542   .0140586    -5.52   0.000    -.1052085   -.0500998 
           edusc |   .1227208   .0472895     2.60   0.009      .030035    .2154066 
  ---------------+---------------------------------------------------------------- 
  findothers <-  | 
           score |   .0137264   .0029508     4.65   0.000      .007943    .0195098 
          search |          0  (no path) 
             age |  -.0678995   .0125322    -5.42   0.000    -.0924622   -.0433368 
           edusc |    .107305   .0414796     2.59   0.010     .0260065    .1886036 
  ---------------+---------------------------------------------------------------- 
  forms <-       | 
           score |   .0103315   .0029836     3.46   0.001     .0044837    .0161794 
          search |   .7629405   .1108948     6.88   0.000     .5455906    .9802904 
          engage |          0  (no path) 
             age |  -.0342742   .0119349    -2.87   0.004    -.0576662   -.0108821 
           edusc |   .0425757   .0428679     0.99   0.321    -.0414438    .1265952 
  ---------------+---------------------------------------------------------------- 
  orderedmeds <- | 
           score |   .0077717   .0022105     3.52   0.000     .0034393    .0121042 
          search |   .5739084   .0850177     6.75   0.000     .4072768      .74054 
          engage |          0  (no path) 
             age |  -.0257821   .0089807    -2.87   0.004    -.0433841   -.0081802 
           edusc |   .0320268   .0317876     1.01   0.314    -.0302758    .0943294 
  ---------------+---------------------------------------------------------------- 
  alerts <-      | 
           score |   .0113909   .0033232     3.43   0.001     .0048776    .0179043 
          search |    .841172   .1219253     6.90   0.000     .6022029    1.080141 
          engage |          0  (no path) 
             age |  -.0377886   .0133288    -2.84   0.005    -.0639127   -.0116646 
           edusc |   .0469414   .0465697     1.01   0.313    -.0443335    .1382163 
-----------------+---------------------------------------------------------------- 
Structural       | 
  score <-       | 
             age |          0  (no path) 
           edusc |          0  (no path) 
  ---------------+---------------------------------------------------------------- 
  search <-      | 
           score |          0  (no path) 
             age |   -.014519   .0046583    -3.12   0.002     -.023649    -.005389 
           edusc |   .0297307    .013673     2.17   0.030     .0029322    .0565293 
---------------------------------------------------------------------------------- 
 
---------------------------------------------------------------------------------- 
                 |                 OIM 
Total effects    |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-----------------+---------------------------------------------------------------- 
Structural       | 
  engage <-      | 
           score |   .0103315   .0029836     3.46   0.001     .0044837    .0161794 
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          search |   .7629405   .1108948     6.88   0.000     .5455906    .9802904 
             age |  -.0342742   .0119349    -2.87   0.004    -.0576662   -.0108821 
           edusc |   .0425757   .0428679     0.99   0.321    -.0414438    .1265952 
-----------------+---------------------------------------------------------------- 
Measurement      | 
  searched <-    | 
           score |   .0132184   .0028103     4.70   0.000     .0077103    .0187265 
          search |          1  (constrained) 
             age |  -.0653865   .0118975    -5.50   0.000    -.0887052   -.0420679 
           edusc |   .1033337   .0400528     2.58   0.010     .0248317    .1818357 
  ---------------+---------------------------------------------------------------- 
  ask <-         | 
           score |   .0145368   .0031302     4.64   0.000     .0084018    .0206718 
          search |   1.099739   .1173692     9.37   0.000     .8696997    1.329779 
             age |  -.0719081   .0128848    -5.58   0.000    -.0971619   -.0466544 
           edusc |   .1136401   .0442487     2.57   0.010     .0269142     .200366 
  ---------------+---------------------------------------------------------------- 
  story <-       | 
           score |   .0156984   .0033527     4.68   0.000     .0091272    .0222695 
          search |   1.187617    .122029     9.73   0.000     .9484444    1.426789 
             age |  -.0776542   .0140586    -5.52   0.000    -.1052085   -.0500998 
           edusc |   .1227208   .0472895     2.60   0.009      .030035    .2154066 
  ---------------+---------------------------------------------------------------- 
  findothers <-  | 
           score |   .0137264   .0029508     4.65   0.000      .007943    .0195098 
          search |   1.038432   .1144736     9.07   0.000     .8140683    1.262796 
             age |  -.0678995   .0125322    -5.42   0.000    -.0924622   -.0433368 
           edusc |    .107305   .0414796     2.59   0.010     .0260065    .1886036 
  ---------------+---------------------------------------------------------------- 
  forms <-       | 
           score |   .0103315   .0029836     3.46   0.001     .0044837    .0161794 
          search |   .7629405   .1108948     6.88   0.000     .5455906    .9802904 
          engage |          1  (constrained) 
             age |  -.0342742   .0119349    -2.87   0.004    -.0576662   -.0108821 
           edusc |   .0425757   .0428679     0.99   0.321    -.0414438    .1265952 
  ---------------+---------------------------------------------------------------- 
  orderedmeds <- | 
           score |   .0077717   .0022105     3.52   0.000     .0034393    .0121042 
          search |   .5739084   .0850177     6.75   0.000     .4072768      .74054 
          engage |   .7522322   .0920017     8.18   0.000     .5719122    .9325522 
             age |  -.0257821   .0089807    -2.87   0.004    -.0433841   -.0081802 
           edusc |   .0320268   .0317876     1.01   0.314    -.0302758    .0943294 
  ---------------+---------------------------------------------------------------- 
  alerts <-      | 
           score |   .0113909   .0033232     3.43   0.001     .0048776    .0179043 
          search |    .841172   .1219253     6.90   0.000     .6022029    1.080141 
          engage |    1.10254   .1394841     7.90   0.000     .8291558    1.375923 
             age |  -.0377886   .0133288    -2.84   0.005    -.0639127   -.0116646 
           edusc |   .0469414   .0465697     1.01   0.313    -.0443335    .1382163 
-----------------+---------------------------------------------------------------- 
Structural       | 
  score <-       | 
             age |  -1.098393   .2703709    -4.06   0.000    -1.628311   -.5684762 
           edusc |   2.249197   .9155521     2.46   0.014     .4547473    4.043646 
  ---------------+---------------------------------------------------------------- 
  search <-      | 
           score |   .0132184   .0028103     4.70   0.000     .0077103    .0187265 
             age |  -.0653865   .0118975    -5.50   0.000    -.0887052   -.0420679 
           edusc |   .1033337   .0400528     2.58   0.010     .0248317    .1818357 
---------------------------------------------------------------------------------- 
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Appendix VII. Consolidated criteria for reporting qualitative studies (COREQ)* 
* Adapted from Tong, A., Sainsbury, P., & Craig, J. (2007). Consolidated criteria for reporting qualitative research 
(COREQ): a 32-item checklist for interviews and focus groups. International journal for quality in health 
care, 19(6), 349-357. 
 
No  Item  Guide questions/description  
Domain 1: Research team and reflexivity  
Personal Characteristics  
1.  Interviewer/facilitator  Which author/s conducted the interview or focus group?  
2.  Credentials  What were the researcher's credentials? E.g.,, PhD, MD  
3.  Occupation  What was their occupation at the time of the study?  
4.  Gender  Was the researcher male or female?  
5.  Experience and training  What experience or training did the researcher have?  
Relationship with participants  
6.  Relationship established  
Was a relationship established prior to study 
commencement?  
7.  
Participant knowledge of 
the interviewer  
What did the participants know about the researcher? e.g.,, 
personal goals, reasons for doing the research  
8.  Interviewer characteristics  
What characteristics were reported about the 
interviewer/facilitator? e.g.,, Bias, assumptions, reasons 
and interests in the research topic  
Domain 2: study design  
Theoretical framework  
9.  
Methodological orientation 
and Theory  
What methodological orientation was stated to underpin 
the study? e.g.,, grounded theory, discourse analysis, 
ethnography, phenomenology, content analysis  
Participant selection  
10.  Sampling  How were participants selected? e.g.,, purposive, 
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No  Item  Guide questions/description  
convenience, consecutive, snowball  
11.  Method of approach  
How were participants approached? e.g.,, face-to-face, 
telephone, mail, email  
12.  Sample size  How many participants were in the study?  
13.  Non-participation  
How many people refused to participate or dropped out? 
Reasons?  
Setting  
14.  Setting of data collection  
Where was the data collected? e.g.,, home, clinic, 
workplace  
15.  
Presence of non-
participants  
Was anyone else present besides the participants and 
researchers?  
16.  Description of sample  
What are the important characteristics of the sample? e.g.,, 
demographic data, date  
Data collection  
17.  Interview guide  
Were questions, prompts, guides provided by the authors? 
Was it pilot tested?  
18.  Repeat interviews  Were repeat interviews carried out? If yes, how many?  
19.  Audio/visual recording  
Did the research use audio or visual recording to collect the 
data?  
20.  Field notes  
Were field notes made during and/or after the interview or 
focus group?  
21.  Duration  What was the duration of the interviews or focus group?  
22.  Data saturation  Was data saturation discussed?  
23.  Transcripts returned  
Were transcripts returned to participants for comment 
and/or correction?  
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Domain 3: analysis and findings 
Data analysis  
24.  
Number of data 
coders  How many data coders coded the data?  
25.  
Description of the 
coding tree  Did authors provide a description of the coding tree?  
26.  
Derivation of 
themes  Were themes identified in advance or derived from the data?  
27.  Software  What software, if applicable, was used to manage the data?  
28.  
Participant 
checking  Did participants provide feedback on the findings?  
Reporting  
29.  
Quotations 
presented  
Were participant quotations presented to illustrate the themes / 
findings? Was each quotation identified? e.g.,, participant 
number  
30.  
Data and findings 
consistent  
Was there consistency between the data presented and the 
findings?  
31.  
Clarity of major 
themes  Were major themes clearly presented in the findings?  
32.  
Clarity of minor 
themes  
Is there a description of diverse cases or discussion of minor 
themes?  
 
 
 
 
